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Figure 1: The Elephant research platform offers three programming modes: textual, block-based, and semantics-first program-

ming. Each of the three programs makes the elephant turn left or right depending on the watermelon’s position.

Abstract

Syntax remains a major barrier for novices. Although block-based
systems reduce or eliminate syntax errors, conditionals still chal-
lenge learners, likely because their semantics remain implicit. In
this paper, we address this problem by introducing a semantics-
first, state-visible programming approach inspired by the clas-
sic visual language Stagecast Creator. To demonstrate its useful-
ness, we designed Elephant, a unified, Karel-like research platform
that supports three equally expressive programming paradigms: (i)
semantics-first programming, (ii) block-based programming with
the Blockly library, and (iii) text-based programming in JavaScript
with domain-specific libraries. We then deployed Elephant in two
within-subjects studies with secondary-school students (N = 39) to
compare semantics-first programming to textual and block-based

∗Theo B. Weidmann and Sverrir Thorgeirsson are co-primary authors.

baselines, keeping the program semantics constant across modes
and reducing cross-tool confounds. Results indicate, among other
things, that semantics-first programming yields significantly higher
task performance, suggesting that increasing the visibility of the
program state during program composition could support greater
outcomes in secondary computing education.

CCS Concepts

• Social and professional topics→ Computational thinking;
• Human-centered computing→ Visualization theory, concepts
and paradigms.

Keywords

secondary education, visual programming, conditional logic, block-
based programming, programming by demonstration, direct ma-
nipulation
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1 Introduction

Decades of empirical research suggest that syntax is a major source
of difficulty for novice programmers [8, 16, 49, 69]. For more than
half a century, researchers have proposed and refined a succession
of simplified programming systems that can make syntax easier
for beginners [29], often by attempting to dispense with textual
syntax altogether. Examples of this approach include flow-chart
programming languages like RAPTOR [14], in which programs are
constructed by dragging and connecting flow-chart symbols rather
than typing code, and block-based programming like Scratch [52],
in which free-form text is replaced with interlocking blocks that
preempt syntax errors by construction. In K-12 education, block-
based programming is often seen as a gentle introduction to textual
programming [83], and its success is evident by its popularity, as by
mid-2025, the Scratch platform had attracted more than 135 million
registered users who have created over 164 million projects [28].

Despite the success of block-based programming in education,
conditional execution, which is a frequent source of misconceptions
for novices [66], remains a persistent stumbling block for Scratch
programmers. For instance, a large-scale study of 250,000 Scratch
programs [2] revealed that less than 40% of them contained if or
if-else blocks, compared to 77% which contained loops, implying
that many beginner Scratch programmers avoid or struggle with
implementing conditional logic. One plausible explanation for this
disparity is that while Scratch makes the syntax of conditionals
trivial, the semantics are almost entirely implicit, and the predi-
cate’s truth value remains just as hidden as in any textual language
when the learner is constructing the program. Before block-based
programming became widely adopted, the visual system KidSim
[63, 64] from the 1990s—later commercialized as Stagecast Cre-
ator [65] (see Fig. 2)—attempted to address this issue by turning
conditionals into graphical rules [63, 64], and the more recent visual
language Algot [79] makes the semantics of conditionals observ-
able by keeping the program state live during composition, with
randomized, controlled trials versus Scratch and Python reporting
promising outcomes [21, 75–77]. However, this semantics-first line
of work has seen limited adoption in K-12 practice or mainstream
tooling.

In this paper, we aim to revive the semantics-first, state-visible
tradition in modern novice programming tooling for secondary
education by instantiating the more generic paradigm from Stage-
cast Creator [65] for the introductory programming classroom. We
present and evaluate a unified programming research platform
called Elephant that allows its users to solve tasks in the same
environment with three distinct but equally expressive modes of
interaction: (i) a semantics-first approach, (ii) block-based program-
ming, and (iii) traditional textual programming in JavaScript with a
library of domain-specific functions. Crucially, all threemodes share
a single runtime and identical task semantics, meaning that the
programming paradigm is the only manipulated factor, offering a
methodological advantage for comparative studies on introductory
visual programming languages. To our knowledge, Elephant is the
first such unified system that includes a semantics-first, rule-based
mode of programming that targets the learning of introductory
concepts in computer programming.

Figure 2: Screenshot from the “Rule Maker” system in Stage-

cast Creator. A new rule is defined such that if the circle is to

the bottom left of the teal square, it will move below it.

Elephant features a classical agent-based grid world program-
ming environment based on the programming language Karel [46]
(referred to as Karel-like in the literature [24, 39]) which shares the
same characteristics as the grid environment used in the popular
Computational Thinking Test [20, 54], and is designed to support
students’ affective-motivational factors through a playful visual
design. In our interaction mode of interest, the semantics-first ap-
proach, learners program conditional behavior in a rule-based way.
Individual rules map the agent’s local view and current state to an
action and next state, and by allowing students to write and modify
those rules using direct manipulation, we attempt to keep student
attention on program meaning and not program form.

Our work makes three contributions, in ascending order of im-
portance:

(1) We introduce a semantics-first interaction method that lets
learners implement conditional behavior in a Karel-like en-
vironment by directly manipulating the agent’s local view
and state, and we apply design principles (e.g., live seman-
tics, locality of evaluation, and action-state co-specification)
in an environment that explicitly supports computational-
thinking concepts (e.g., sequencing, iteration, and abstrac-
tion), updating earlier semantics-visible approaches for a
modern context.

(2) We introduce Elephant, a unified environment backed by
a single runtime that exposes semantics-first, block-based,
and text-based programming modes within the same Karel-
like programming environment, keeping task semantics
constant across modes. In contrast to most earlier com-
parative studies on strands of visual and textual program-
ming [27, 55, 75, 76], our environment allows one to conduct
experiments in which the task domain, runtime semantics,
and program state are constant by running all conditions in
the same Karel-like environment. This makes programming
modes (in the same sense as discussed by Weintrop and
Wilensky [81]) the only manipulated factor and eliminates
cross-tool confounds. While similar systems have been con-
structed to support comparative evaluations on textual and
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block-based programming [25], Elephant is the first of
its kind that also supports a semantics-first programming
mode and aims to provide a solid methodological foun-
dation for testing the semantics-first approach in today’s
context.

(3) We present evidence of the effectiveness of the semantics-
first approach in secondary education. To do so, we con-
ducted two comparative experiments of our approach against
textual and block-based programming, respectively, with
two distinct groups of secondary school students (𝑁 = 22
and 𝑁 = 17), measuring task performance, cognitive load,
computational thinking proficiency, perceived system us-
ability, and perceived enjoyment. Our results indicate that
the semantics-first approach supports significantly greater
task performance than both textual and block-based pro-
gramming.

Along with this report, we release the Elephant system itself,
task examples, study instruments, and anonymized logs to sup-
port replication and classroom adoption (see the supplementary
materials).

2 Background and Related Work

2.1 Programming by Demonstration and Visual

Semantics

Direct manipulation is an interaction technique that was first de-
scribed by Ben Shneiderman in the early 1980s [60]. The technique
is characterized by the continuous visual representation of objects,
where users can perform incremental actions that provide immedi-
ate feedback, enabling them to directly control on-screen objects in
a way that closely resembles physical manipulation of real-world
items. For example, dragging an icon across the screen resembles
the experience of physically moving an object, providing a tangible
sense of control. This idea has been successful across a variety
of domains, for instance, in visual design [67], spreadsheets [85],
and video games [62]. A follow-up paper by Shneiderman from
1983 [61] describes how direct manipulation can be seen as an en-
hancement of programming languages, allowing “novices [to] learn
basic functionality quickly” and help “experts [carry out] work
extremely rapidly.” However, some problems with this technique,
according to Shneiderman, are that coming up with a suitable visual
representation can be difficult, with some representations being
misleading or unergonomic.

Programming by demonstration (PbD) or, more generally, demon-
strational interfaces, is a related technique that Brad A. Myers de-
scribes as a “step beyond direct manipulation” in a 1992 paper [35],
allowing the user to construct abstract programs by performing
actions on example objects. Similarly to direct manipulation, Myers
considers it helpful because it can allow novices to quickly learn
basic functionality of a system. PbD systems which do not rely
on program synthesis but rather require the programmer to dis-
cretely specify different cases is an emerging approach in computer
science education (CSE) in recent years, for example, with Algot,
the graph-based programming language [79]. Comprehensive psy-
chophysiological studies from 2024 indicate that programming in
Algot induces lower or comparable cognitive load than textual pro-
gramming [76, 77] and that the language is beneficial in secondary

Figure 3: The XLogo [68] environment enables the creation of

simple Logo turtle programs through block-based program-

ming. A program (left) to draw a square (right) can be seen

in the figure.

and tertiary education [21, 75]. AlgoTouch [18] is another example
from tertiary education that implements direct manipulation and
programming by demonstration, with an experimental study from
2019 finding that it compared well to textual programming [1].

To accomplish programming by demonstration, systems like Al-
got use visual semantics. This means that the aspects of the program
state visualization can be used by themselves as building blocks
for programs. For instance, when working with visualizations of
tree structures, the programmer can click on tree nodes to manip-
ulate the graph, like adding new edges or calculating the sum of
a sub-tree’s values. This mechanism makes such systems distinct
from those that rely on code alongside algorithm visualizations, in
which the programmer must constantly switch attention between
textual code and a separate visual display. As a result, if an error
appears in the visualization, it may not be immediately clear which
specific segment of code caused it, thus slowing down debugging.

In this way, visual-semantic systems can address what Don Nor-
man calls the gulf of execution and the gulf of evaluation [37, 38]. The
gulf of execution describes the gap between a user’s intention (e.g.,
wanting to manipulate data in a particular way) and their ability
to translate that intention into system commands. By letting users
directly interact with visual representations of the program’s data
structures, visual-semantic systems can minimize this gap, making
it more obvious how to perform the desired actions. The gulf of
evaluation, meanwhile, denotes the gap between the system’s inter-
nal state and the user’s ability to perceive and interpret that state.
Because visual-semantic systems inherently integrate the interface
with the program’s operational logic, they present immediate and
more transparent feedback, enabling users to evaluate the outcome
of their actions with minimal effort. In the semantics-first mode
of Elephant, we apply these principles by allowing learners to
author programs through direct manipulation of the visual pro-
gram state, aiming to minimize both gulfs during the composition
of conditional logic.

2.2 Logo and Karel the Robot

One of the earliest notable advances in making programming ac-
cessible for novices began with Logo, a language inspired by the
work of Seymour Papert [44], particularly through its use of turtle
graphics [13] (see Fig. 3). Logo’s design was shaped strongly by
Papert’s theory of constructionism, which extends Piaget’s con-
structivism by positing that learning is most effective when learners
actively construct personally meaningful artifacts in the world [44].
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Figure 4: A screenshot of Karel the Robot Learns Python [47],

a modern 2019 implementation of the Karel environment

based on Python. Karel is seen on the right in its grid world,

which is similar to the grid in Elephant.

Under this view, programming environments should provide “mi-
croworlds,” which are simplified, explorable domains where learn-
ers can experiment and gain immediate feedback, thereby refining
their mental models. Logo’s turtle graphics exemplified this philos-
ophy: the turtle served as a concrete, manipulable object that made
abstract mathematical concepts tangible.

Over the subsequent years, various so-called “mini-languages”
emerged, for example Karel the Robot, developed by Richard Pat-
tis [45], followed by Hamster, created by Dietrich Boles [7], and
Kara, introduced by Raimond Reichert [51]. These languages typi-
cally involve programming an agent that interacts within a graphi-
cally representedworld that is reduced in its complexity. Such actors
have included robots, turtles, ladybugs, or other imaginative figures.
Students learn programming by issuing instructions to the actor
to solve predefined problems and focus thereby on the algorithmic
challenges of programming. Mini-languages offer immediate visual
feedback, enabling students to observe their programs’ execution
in real-time [13, 51].

In particular, Karel the Robot, which inspired the programming
environment and tasks used in Elephant, operates in a world
structured as a grid, allowing movement from one grid point to
another, either horizontally or vertically (see Fig. 4). This world
may contain various objects, such as walls between grid points or
beepers placed on the grid itself. In contrast to Logo’s turtle, Karel
is equipped with three sensors that allow it to detect walls to its
front, left, or right. [45] Karel can also sense whether it is next to
a beeper and determine its own orientation with respect to the
grid. It is equipped with a bag for collecting beepers and a sen-
sor to check if the bag contains any. Karel responds to commands
such as move, turnleft, pickbeeper, and putbeeper [13, 45, 51].
Like Logo, Karel is programmed textually, and adaptations of Karel
the Robot for several popular textual languages, such as Java [53]
and Python [19, 47] have been created. A comparative study on
Karel and the block-based language Scratch found that students
working in Scratch performed better while Karel students displayed
higher self-regulation [55]. The world in Elephant inherits this
grid-based property and local sensing model directly, with an ele-
phant replacing the robot and watermelons and flags replacing
beepers.

2.3 KidSim and Stagecast Creator

The KidSim [63] system and its successor Stagecast Creator [65],
which were under active development in the 1990s, are visual pro-
gramming languages that allow their users to compose programs by
directly manipulating a visual representation of the program state.
In these systems, users create programs by demonstrating desired
behaviors directly within a grid-based simulation environment: the
user selects any part of the grid (called the “spotlight”) to create a
“before” and “after” rule, and the system records this as a graphical
rewrite rule (see Fig. 2). Furthermore, the system supports multiple
agents, in which each agent maintains a list of ordered rules that
are tried from top to bottom until one of them matches. Stagecast’s
combination of programming by demonstration with visual before-
after rules allows users to express program logic through concrete
manipulation of the semantic domain itself, which is why we refer
to this type of programming in this paper as semantics-first (SF)
programming.

Stagecast and its predecessor systems are versatile systems that
can be used to construct programs with at least moderate com-
plexity. Its developers wished to give children a tool that would
allow them to construct simulations on their own, noting explic-
itly the constructivist idea that “children learn best when they
actively create” [15]. For example, students could use the system
to reimplement games, such as Breakout and Pacman, and con-
struct science-based simulations, for example, of plant life and the
emission of light in a laser [57]. However, contemporary opinions
and reviews of Stagecast pointed out issues with the scalability of
its paradigm [36, 59]; an otherwise positive review notes that “it
becomes harder to manipulate the images on screen to see what
you’re doing” when the number of conditions and tiles grows [36],
which may affect the viability of the paradigm for constructing
simulations. In our work, our aim is not to demonstrate the use
of SF programming for building games or simulations, in which
scalability and open-ended complexity are significant concerns, but
rather to apply it in a way that helps students master fundamen-
tal constructs such as conditionals and sequencing. In Section 3.4,
after we have introduced Elephant and the way it supports SF
programming, we discuss the system differences in more depth.

2.4 Programming Environments Supporting

Multiple Modes

A class of programming environments allows learners to edit the
same program through two or more representations, or modes, typ-
ically blocks and text, with the views kept in sync via a shared
underlying presentation. For example, Tiled Grace [25] provides
fully bidirectional, semantics-preserving switching between tiles
and the textual Grace language, with animated transitions to make
correspondences explicit. Similarly, Droplet [6] (an editor for Pencil
Code) supports round-trip editing in blocks and JavaScript, mean-
ing that learners can switch modes without changing the program’s
meaning or formatting. Empirical studies show that offering stu-
dents the opportunity to switch between block-based and textual
modes can be helpful [80], with a large variance in when and under
what circumstances students will switch. On the other hand, we
are not aware of any system that provides a unified environment
with consistent semantics that supports a semantics-first mode as



The Elephant in the Syntax: A Comparative Study of Semantics-First, Block-Based, and Textual Programming

well as others, whether or not the system supports mode switching,
which is the gap we aim to fill by presenting Elephant.

2.5 Computational Thinking

The term computational thinking refers to a set of mental processes
and problem-solving techniques drawn from computer science, for
instance, decomposition, pattern recognition, abstraction, and algo-
rithmic thinking [82]. These competencies have increasingly been
integrated into K-12 curricula worldwide, reflecting a broader push
to equip students with the logical thinking and digital literacy skills
necessary for the 21st century [84]. Grover and Pea [22], for exam-
ple, have found that recognizing conditional patterns significantly
improves programming proficiency in K-12 students, helping them
develop faster debugging skills and more efficient code construc-
tion. In addition, empirical evidence from unplugged computational
thinking activities [9] showed that pattern recognition is strongly
correlated with problem-solving performance. As such, there is
great interest in introductory languages supporting the teaching of
computational thinking concepts [43, 70].

A large number of assessment instruments have been devel-
oped to test computational thinking [48], for instance, the validated
Computational Thinking Test (CTt) [20], which is designed to ad-
dress several computational concepts, including basic directions
and sequences, loops, conditionals, and simple functions. Accord-
ing to the CTt authors, these items were chosen to be aligned with
existing frameworks for computational thinking [3, 11]. Most of
the questions on the test are framed using recognizable constructs
like mazes and arrows. In the present work, we employ the CTt in
an attempt to assess how different programming modes influence
computational thinking acquisition.

2.6 Cognitive Load

Cognitive Load Theory (CLT), which is rooted in John Sweller’s
pioneering work in the 1980s [40, 71], offers critical insights into
how our brains process and manage incoming information. Central
to CLT is the notion that working memory has a strictly limited ca-
pacity, which directly affects the efficiency with which learners can
acquire and retain new knowledge [42, 73]. When the volume or
complexity of information exceeds this cognitive threshold, learn-
ing becomes less effective, making it harder to absorb and recall
material. Over the past few decades, CLT has notably influenced re-
search in educational psychology and instructional design [30, 58],
underscoring the importance of carefully structuring and sequenc-
ing learning materials to optimize cognitive resources. Such con-
siderations are essential for developing instructional strategies that
bolster learning outcomes and enhance long-term knowledge re-
tention.

Many ideas from CLT have implications for educational technol-
ogy design for computing education. For instance, the split-attention
effect [4] suggests that learners who must divide their attention
across multiple, dispersed sources of information will experience
higher cognitive load than those who experience a single, integrated
source of information. This, in turn, will have a negative effect on
their learning. In programming contexts, it may be challenging for
students to simultaneously process textual code while keeping a
mental image of the program state, as it requires them to constantly

Figure 5: A screenshot depicting a grid configuration for Ele-

phant (left). The state of the elephant is currently SEARCH-
ING (top right), and its immediate environment shows a tree

on the left and right and nothing to its right (state depiction

on the middle right). Furthermore, the elephant has already

collected one watermelon (indicated by the watermelon on

the backpack on the right).

integrate and synthesize the separate pieces. This split-attention
effect is closely related to the redundancy effect [72], which can
emerge when learners need to handle identical or equivalent infor-
mation; instead of reinforcing a student’s understanding, it may
contribute to higher extraneous cognitive load, meaning that the
working memory is overloaded with information that does not
contribute to a student’s learning. Algorithm visualization systems
that do not contribute meaningful additional information to what
the student can find in the code may be liable to cause this effect.
Instead, system designers may consider supporting the student in
composing programs by manipulating the visualization directly. To
investigate these effects empirically, our study employs validated
cognitive load measures to assess the mental demands imposed by
different programming modes.

3 The Elephant System

3.1 Elephant’s World

We designed Elephant such that each task naturally requires the
use of conditional constructs while retaining the straightforward,
engaging nature of turtle programming. To this end, we adapted
design principles from the classical Karel the Robot [45, 46] educa-
tional tool, and reimagined them for a visually rich and interactive
context.

Our environment features an elephant located on a grid where
each cell contains either a tree, a watermelon, a flag, or nothing at all.
For a given grid configuration, the user is tasked with helping the
elephant reach some specific goal, such as collecting watermelons.
The elephant can only see the fields directly to its left, directly
ahead, and directly to its right. Fig. 5 depicts an example of this: on
the right-hand side, the elephant’s local view only contains a tree
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Semantics-First Block-Based Textual (JavaScript)

Specifying Movement

Elephant is dragged to
the target field

Blocks that illustrate the
desired movement are
combined

Appropriate functions
such as moveAhead() are
called

Conditional

Condition is specified
visually and within the
context

Conditions are specified
using if-blocks in
combination with a
matching-block

if (match(SEARCHING,

WATERMELON,

EMPTY,

ANYTHING)) {

}

Conditions are specified
using if in combination
with our match()
function

Setting new state New state is chosen from
select box

New state is chosen in
appropriate block

Appropriate function call
such as setState(DONE)

Prevents syntax

mistakes

✓ ✓ ✗

Syntax visually implies

semantics

✓ (✓) ✗

Conditionals become

visible in context of

movement

✓ ✗ ✗

Programming Style Turn-based: Program is evaluated to decide one turn of the elephant

Program Execution

For each turn, most
specific rule (least
wildcards) is selected and
executed

For each turn, all code
blocks are executed.
Movement and new state
can only be specified
once per execution

For each turn, all code is
executed. Movement and
new state can only be
specified once per
execution

Table 1: Overview of the three programming modes in Elephant.

on its left and right side. The diagonal fields are not visible to the
elephant.

The elephant can move left, forward, right, and backward, and
movements are relative to the elephant’s perspective on the grid.
For example, in Fig. 5, the elephant is facing an empty cell, and

moving forward would take it to the cell highlighted in light green.
If the elephant moves into a tree, it crashes, and the program stops
with a warning message. The elephant has the ability to collect
watermelons found on grid cells and can place flags on the grid
itself.



The Elephant in the Syntax: A Comparative Study of Semantics-First, Block-Based, and Textual Programming

Figure 6: The Elephant interface: At the top is the task

description. The student can choose between the different

examples, which are instances of the given problem, and

run their implementation. At the bottom, the semantics-first

programming approach is active. This area can also show a

block-based environment or a traditional JavaScript environ-

ment.

The elephant has an internal state that is represented as a string.
For example, the elephant’s statemight be a value such as SEARCHING
(like in Fig. 5) or RETURNING HOME. The programmer can use these
internal states as preconditions for the elephant’s actions. For each
task, these states are pre-defined, and participants can only select
between a certain number of available states.

3.2 Learning Environment

Elephant presents learners with a progressive sequence of tasks,
each increasing in complexity (see Table 2). Each task comprises a
set of examples, analogous to test cases, that serve to illustrate the
requirements of the task description. To advance, students create
a program (either through semantics-first, block-based, or textual
programming) that enables the elephant to achieve the specified
goal across all provided examples. Progression to subsequent tasks
is contingent upon successful completion of the previous task. Sim-
ilar to Karel the Robot, certain tasks pose significant challenges,
despite being situated within environments governed by a succinct
set of rules.

To support iterative problem-solving, Elephant offers three
primary controls: Step, Run, and Reset (see Fig. 6). The Step func-
tion executes one movement of the elephant at a time, facilitating
step-wise debugging; Run executes the entire program; and Reset
restores the grid to its initial state. Upon program termination, the
system displays a notification that communicates whether the at-
tempt resulted in success or a faulty state. Additionally, Elephant
augments feedback through auditory cues, providing distinct sig-
nals when the elephant either succeeds or fails to achieve the in-
tended outcome.

3.3 Overview of Programming Modes

Before we introduce the three programming modes supported by
Elephant in the next section, we provide an overview in the form
of a comparison in Table 1.

3.3.1 Semantics-First Programming. To implement semantics-first
programming, the elephant’s actions are controlled by the user
through the creation of one or more rules, which collectively define
the program that is needed to solve a given task. The rules specify
how the elephant should move within the grid by mapping its
immediate surroundings and internal state to a particular action,
such as moving, picking up watermelons, or placing flags. Formally,
a rule is a mapping from

(1) its current state (a string)
(2) the elephant’s local view, which is a triple representing

what the elephant sees to its left, front, and right, and
to a movement (left, right, forward, back, or stay), a new state,

the option to pick up a watermelon and place a flag on the next
field. For example, the following rule(

SEARCHING, ⟨L: empty, F : watermelon, R: empty⟩
)
↦→(

move: ↑, state : DONE, pick : ✗, place : ✗
)

would make the elephant move forward if there is a watermelon
ahead and the other fields are empty. It will also change its state to
DONE, not pick up the watermelon, and not place a flag. In case the
programmer wants to specify an action regardless of the contents of
a cell, a wildcard can be used. A wildcard can represent all possible
cells. The rule(

SEARCHING, ⟨L: ∗, F : watermelon, R: empty⟩
)
↦→(

move: ←, state : DONE, pick : ✓, place : ✗
)

for instance, applies regardless of what the cell to the left of the
elephant contains. The states the elephant can assume are prede-
fined for each task. While some tasks will only have two states
(mostly SEARCHING and DONE), other tasks have more varied states.

Rules are defined visually within Elephant (see Fig. 7), similar
to how KidSim [63] worked. Rules are defined on two 3x3 grids.
The left-hand side grid in Fig. 7 (the see grid) represents the state
the elephant must be in and the local view the elephant sees to
apply the rule, and the right-hand side grid in Fig. 7 (the act grid)
represents the movement, new state, and actions performed by the
elephant. The user defines the rule by directly manipulating both
grids with the mouse.

For example, consider the following rule:(
SEARCHING, ⟨L: ∗, F : ∗, R: watermelon⟩

)
↦→(

move: →, state : DONE, pick : ✓, place : ✓
)

To implement this rule in the Elephant system, the user first
adds a new empty rule, then clicks on the field to the right of the
elephant in the see grid, and selects the watermelon (see top left
in Fig. 7). This action specifies that this rule can only apply if a
watermelon is to the right of the elephant. When changing the
elephant’s local view in the see grid, the act grid also updates im-
mediately. In the act grid, the programmer can drag the elephant to
the left, right, forward, or backward field to instruct the elephant’s
movements in this rule. The elephant can also be dragged to the
center field, to instruct it to not move at all. Thus, in our example,
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the user drags the elephant to the right (see top center in Fig. 7).
Then, to instruct the elephant to pick up the watermelon, the user
drags the watermelon to the elephant’s backpack on the right-hand
side of the act grid (see top right and bottom left in Fig. 7). Likewise,
the user can drag a flag from the right-hand side of the act grid to
the elephant’s target field to instruct the elephant to place a flag
there (see bottom center in Fig. 7). Finally, the user updates the
elephant’s target state to DONE by selecting it from the select box
(see bottom right in Fig. 7).

In some aspects, the rules in Elephant resemble Dijkstra’s
guarded commands [17], which are constructs that combine a boolean
expression (the guard) with a command that executes only if the
guard evaluates to true. However, in contrast to guarded commands
where multiple true guards can lead to nondeterministic execution,
Elephant is deterministic. Elephant always selects the most spe-
cific rule, i.e., the one with the least wildcards. If no single most
specific rule exists, the user is informed about the issue, and the
program stops.

3.3.2 Programming in JavaScript. To complement the semantics-
first environment, we added a JavaScript interface to Elephant
that allows learners to write textual solutions to the tasks (see
Fig. 8). The API provides simple commands such as moveLeft()
and pickUp(), designed to mirror the actions available in the visual
rule system.

Our goal was to make the two environments comparable in both
structure and execution. In JavaScript, programs are continuously
re-executed until termination, just as rules are re-evaluated after
every move in the semantics-first environment. Likewise, an if-
block corresponds closely to a visual rule. To keep the system
accessible for students with only two days of JavaScript instruction,
we excluded general boolean logic and instead provided a match
function. This function takes four arguments (the elephant’s state
and the elements to its left, front, and right), like the conditions in
the visual environment.

Finally, to reduce the burden of typing, the interface offers but-
tons for inserting the most commonly used syntactic elements.
These are purely optional: learners can write complete solutions
without using them.

3.3.3 Block-Based Programming. Alongside the semantics-first and
JavaScript programming modes, Elephant also integrates a block-
based programming environment. This mode was implemented
using the latest version of Blockly and styled with a color theme
consistent with Scratch, thereby providing learners with a familiar
visual experience. As in Scratch, blocks can be composed through
drag-and-drop interactions; however, in contrast to conventional
block-based systems, the environment retains the same semantics
as the semantics-first and JavaScript modes of Elephant. Rules
are expressed through conditional blocks that combine the agent’s
current state with its local perceptual context to determine the next
action (see Fig. 9).

The block-based environment was designed to be able to express
the same range of programs as the JavaScript and semantics-first
modes, ensuring that any solution authored in one mode can be
equivalently represented in the others. Internally, block-based pro-
grams are translated to the same JavaScript API used in the textual
interface, guaranteeing semantic consistency across modes. This

unified runtime makes it possible to compare modes directly with-
out a loss of semantics.

Pedagogically, the block-based environment serves as an experi-
mental condition for learners already accustomed to Scratch-like
systems. By situating rule-based programming within a familiar
block-based paradigm, we aim to distinguish between the effects of
representation style and underlying semantics in learners’ ability
to engage with core computational thinking concepts. The environ-
mentwas included in the empirical studies reported in this paper, en-
abling direct comparison between the semantics-first, block-based,
and textual modes.

3.4 Relationship to Prior Systems

Although the SF programming mode in Elephant draws from the
Stagecast Creator tradition of combining graphical-rewrite rules
with programming by demonstration, our overall approach is dif-
ferent as it is aligned with contemporary instruction in computer
science. First, Elephant operates within a constrained Karel-like
domain rather than an open-ended simulation environment. Where
Stagecast Creator allowed users to create arbitrary simulations
with multiple independent agents, Elephant focuses on a single
agent navigating in a turn-based way in a grid with a fixed vocabu-
lary of objects (e.g., trees, watermelons, flags) and actions (in our
study: movement, collection, and placement). These constraints
are intentional: by narrowing the problem space, we aim to direct
learner attention toward core computational thinking concepts
such as conditionals, sequencing, and state management, rather
than open-ended simulation design.

Second, unlike Stagecast, Elephant adopts an agent-relative per-
spective throughout the interface for all of the programming modes;
it is “egocentric” rather than “allocentric”. The elephant can rotate,
and all movements are specified relative to the direction it is cur-
rently facing rather than absolute compass directions. This design
has several advantages. Most importantly, it enables rule general-
ization: a single rule such as “if there is a watermelon ahead, move
forward” applies regardless of the elephant’s absolute orientation
on the grid, whereas an allocentric system would require separate
rules for each compass direction. Elephant’s semantics-first ap-
proach may thus mitigate what has been called the “brittleness” of
graphical rewrite rules in Stagecast, where there is “an explosion
of rules whenever the user tries to create even slight variations on
a theme” [59]. The egocentric view also aligns with how people
naturally reason about navigation (e.g., “turn left at the corner”
rather than “turn west”) and ensures consistency between rule au-
thoring and execution, as the see grid displays exactly what the
agent perceives.

Third, the SF programming mode in Elephant employs a strict
conflict-detection mechanism: when multiple rules match the cur-
rent state with equal specificity, no rule is selected, and the learner is
informed of the ambiguity. This contrasts with Stagecast Creator’s
approach, where rule ordering was managed explicitly by the user.
We believe that this design has several pedagogical advantages for
novice learners. For one, it encourages learners to confront logical
overlaps in their rules rather than allowing the system to silently
resolve ambiguities, which could mask incomplete understanding.
It also simplifies debugging and may reduce the learner’s cognitive



The Elephant in the Syntax: A Comparative Study of Semantics-First, Block-Based, and Textual Programming

Figure 7: Sequence of screenshots showing how the programmer in Elephant defines the rule

(
SEARCHING, ⟨L : ∗, F : ∗, R :

watermelon⟩
)
↦→

(
move : →, state : DONE, pick : ✓, place : ✓

)
.

Figure 8: Instructions for how to work with JavaScript in

the Elephant system. To the left of the instructions, the

students were given a code editor. Clicking on the blue code

segments inserts the code into the editor for convenient code

composition.

load: when a rule fires, the learner knows unambiguously which
rule matched and why, without needing to reason about ordering or
hierarchies. In this way, our system may improve on the debugging
experience reported for KidSim/Stagecast: in a classroom study
with second graders, children sometimes created rules that did not
behave as intended (for example, a mis-specified “move right” rule
or a rocket that silently failed to move because other objects blocked
its path), and some groups explicitly relied on peers or strategic
prompts from the adult facilitator to diagnose such problems [26].
By making rule selection explicit, Elephant aims to shift more

Figure 9: A screenshot showing the Blockly integration,

which is part of the block-based programming mode in Ele-

phant.

of this diagnostic work into the interface itself, helping learners
understand why a rule does or does not fire to decrease the need for
external help. This design may also implicitly teach the concept of
mutual exclusivity in conditional logic; learners must ensure their
rule preconditions partition the space of possible situations, which
could plausibly transfer to writing well-structured conditionals in
conventional programming languages.

The fourth key difference is that every programming mode in
Elephant requires learners to solve multiple examples for each
task. Examples are instances of the same problem statement shar-
ing the same underlying goal and constraints (e.g., to collect a
watermelon behind a line of trees), which the learner can toggle at
will. A program only succeeds if it solves all examples, preventing
learners from overfitting rules to a single configuration and encour-
aging them to identify the general pattern underlying the task. This
design is well-aligned with the variation theory of learning [34],
namely that learners can only discern an important feature when it
varies across examples while other features stay mostly the same.
It also has the advantage that it discourages trial-and-error strate-
gies; when only a single example must pass, learners may succeed
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through ad-hoc actions that happen to work for one configuration.
While this structure is well known in typical programming practice,
where code must generalize across varied inputs, we are unaware
of prior semantics-first systems that enforce generalization across
multiple examples as a success criterion.

Lastly, whereas Stagecast Creator was a standalone environ-
ment, Elephant is designed as a research platform that supports
direct comparison across programming paradigms. By embedding
semantics-first, block-based, and textual modes within a single run-
time with consistent task semantics, Elephant enables controlled
experiments that isolate the effects of representation from con-
founds introduced by differing task domains or execution models.
This methodological contribution distinguishes Elephant from
its predecessors and positions it as a tool for both pedagogy and
empirical research on novice programming.

4 Experimental Evaluation

We conducted two empirical studies on the Elephant environment
that took place one year apart, in 2024 and 2025. The objective of our
studies was to evaluate the semantics-first programming method,
both on its own and in comparison with the other modes, and
how conducive the programming environment is for conducting
comparisons of block-based programming, textual programming,
and semantics-first programming.

For each study, we secured a separate ethics approval from our
institution. All attendees and their guardians signed consent forms
two days before the study took place. Participation was voluntary,
and no compensation was offered. Both studies took place during a
yearly recurring summer programming workshop in Austria, called
Code Base Camp Vorarlberg, that was organized independently by
a team unaffiliated with the authors. The workshop is specifically
designed for secondary students and apprentices with limited or
no prior programming experience. The organizers prioritize partic-
ipants from groups with less access to digital education. According
to the organizers, general computer literacy varies, with some par-
ticipants requiring instruction on basics such as file management
and browser navigation, and most participants’ computing experi-
ence primarily coming from mobile devices. On average, approxi-
mately 5 out of 20 participants in the JavaScript-focused sessions
had previously attended an introductory HTML workshop offered
by the same institution, though the majority entered with no prior
programming experience.

We conducted our experiments during the morning and after-
noon sessions of the second day of each workshop. Prior to our
study sessions, participants had completed one day of JavaScript
syntax instruction (brackets, semicolons, basic drawing commands
using P5.js), allowing them to create simple non-parameterized
drawings.

In the first study, there were 22 participants, all of whom com-
pleted the study to its end. Their age was between 13 and 16; their
average age was 13.8, and the standard deviation of their age was
0.85. Five participants identified as female and 17 as male. The
pretest suggested that the participants were highly motivated and
had a strong belief in their capacity to learn programming; the
average agreement with the intrinsic interest and self-efficacy state-
ments was 4.50 and 4.32, respectively, out of a maximum of 5.00.

Figure 10: The first prototype of the Elephant system,

shown in this screenshot, used a different set of visual assets.

Most notably, the agent was changed from a rabbit to an ele-

phant, which we believe is easier to identify visually from

an overhead view. The system mechanics were unchanged,

but the actions of placing and picking up items had to be

configured with checkboxes. In contrast to the version of

the system that is shown here, the new assets were designed

by a professional illustrator with the goal that the elements

in every programming mode should be more immediately

recognizable and appealing for young users.

In the second study, there were 17 participants, none of whom
had participated in the first study. As in the first study, all partici-
pants completed the study to its end. Their age range was 13 to 15,
and their average age was again 13.8, and the standard deviation
was 0.75. Two participants identified as female, while 15 identified
as male. Their average response on the intrinsic interest and self-
efficacy survey questions was also high, or 4.65 on both measures.
No participant offered a lower rating than 4.0 on either question in
either study.

The study duration was about five hours in total, excluding
breaks in between. Each participant was asked to solve program-
ming exercises in two different modes; in Study I, the two modes
that we tested were semantics-first programming and textual pro-
gramming; in Study II, the two modes were semantics-first pro-
gramming and block-based programming.

To reduce learning effects, we implemented counter-balancing;
the participants were divided into two groups, each in their own
classroom, with each group working on the tasks in a given pro-
gramming mode. The two groups swapped modes after a lunch
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break. Each session began with an approximately 15-minute tuto-
rial on the system, followed by about 35 minutes of task solving in
the first study. We expected fatigue after 35 minutes, but students
stayed motivated and unfinished, so we extended task time to 50
minutes in the second study. The remaining time was allocated
for surveys. All participants were given a pretest before the study
began, a test following the first session, and a test following the
last session. The battery of tests that we chose to use is described
in Section 4.1. The tutorials for all modes followed a predefined
script and were all administered by the same instructor to avoid
any confounding effect of instructional quality.

Although its core functionality was not changed, the Elephant
system evolved in some ways between the two evaluations. In the
initial study, we tested a more bare-bones prototype (see Fig. 10),
while in the later 2025 study, we had adopted the current elephant-
based design, with its visual design language and custom-drawn
illustrations for grid items. For the study, we modified the way in
which the tasks were presented; students could no longer advance
to the next task unless the current task had been solved correctly,
as we had observed in the first study that students were sometimes
quick to give up and move on to the next task. This implied that,
although the task selection remained the same in both studies, a new
grading rubric was needed; in the initial study, we manually graded
students’ work based on the grading rubric in Table 2. Students
obtained partial credit for submitting solutions that demonstrated
progress towards the correct solution, and would get bonus points
for solutions that solved every example case. Each exercise was
weighed the same. In the second study, we simply measured the
number of levels students had successfully completed. Both sets
of grading criteria were defined and decided on before each study
took place.

Our research questions were as follows:

RQ1 For secondary school students, does semantics-first pro-
gramming induce greater performance on Karel-like grid
world tasks than block-based and text-based programming?

RQ2 For secondary school students, does semantics-first pro-
gramming induce lower cognitive load than block-based
and text-based programming?

Our secondary research questions were whether semantics-first
programming induces greater enjoyment than text-based program-
ming (first evaluation) and whether semantics-first programming
is perceived as more usable than block-based programming (second
evaluation). We hypothesized affirmative answers to all RQs.

4.1 Surveys

On the pretest of each evaluation, participants completed a short
survey with free-form questions regarding age and gender, and two
single-item, 5-point Likert-type measures regarding their intrinsic
interest and self-efficacy in learning programming (“I am excited
about learning computer programming” and “I believe in my ability
to learn computer programming”, respectively).

In Study I, students solved nine questions from the Computa-
tional Thinking Test (CTt) [20] (questions 1, 2, 3, 5, 6, 8, 9, 13, and
14). These questions were selected because they mapped onto the
constructs supported by Elephant, namely sequencing and state.

ID Goal (brief) Partial Credit

1 Collect watermelon Move forward at least one step
2 Collect watermelon

(search left column)
Move adjacent to watermelon

3 Collect watermelon
(turn around)

Cross the gate

4 Follow maze; stop on
watermelon

Make two turns

5 Place a flag two steps
ahead

Move exactly two steps

6 Collect all watermel-
ons

Collect all watermelons but stops
in error state (e.g. crashed into
trees)

7 Collect exactly three
watermelons

Collect two watermelons

8 Collect watermelon
and return to start

Mark start and collect watermelon

9 Collect exactly three;
end on a watermelon

Collect all watermelons

10 Create checkerboard
of flags

Cover an entire row or column
correctly

Table 2: Combined overview of the ten tasks with brief goals

and partial-credit criteria. For a detailed listing of the tasks

used, refer to Appendix A.

We limited the assessment to these specific items to avoid over-
whelming the participants, following previous research with young
learners [32, 78]. On the posttest, students were administered the
same CTt questions to assess skill acquisition. Additionally, to mea-
sure cognitive load in Study I, we administered the single-item Paas
scale [41] and measured enjoyment with a single 7-point Likert
question.

In Study II, we adjusted the dependent measures to prioritize
usability and granular load metrics over learning gains, acknowl-
edging that longer interventions are typically required to observe
significant changes in computational thinking. Consequently, we
removed the CTt from Study II. This reduction in test-taking fatigue
and time allocation allowed us to replace the coarse Paas scale with
the more detailed NASA Task Load Index (NASA-TLX) [23] and
to introduce the System Usability Scale (SUS) [12]. We measured
enjoyment again with the same single 7-point Likert question.

4.2 Tasks

The participants were given the same ten tasks to solve in both stud-
ies (see Table 2 and Appendix A), which helped make the studies
comparable. The tasks were designed to be increasingly challenging
to solve and not to favor any mode over another. We drew inspi-
ration from assignments designed for Karel the Robot [45, 46, 56].
The last tasks were included to ensure that we did not have a ceiling
effect in the results; we anticipated that very few students, if any,
would be able to solve all tasks successfully.

The tasks generally center on having the elephant find watermel-
ons hidden on the grid, place flags on the grid in specific positions,
and, in the final task, having the elephant create a check pattern
of flags on the grid. Our grading criteria for the tasks can also be
seen in Table 2. Students would get partial credit for submitting
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solutions that demonstrated progress towards the correct solution
and would get bonus points for solutions that solved every example
case. Each exercise was weighted the same.

4.3 Analysis

To evaluate the impact of each programming mode on performance
and other metrics, we performed significance testing using two-
sided, paired-samples Student’s t-tests. Following established statis-
tical recommendations [50, 74], we did not perform tests of normal-
ity, as t-tests are known to be robust against moderate normality
deviations, and normality tests can produce misleading outcomes if
used solely to justify subsequent significance testing. We calculated
effect sizes using Cohen’s 𝑑 with a standard error (SE). We used the
JASP statistical analysis software [33] for our calculations.

To account for the multiple hypothesis problem, we defined fam-
ilies by research question, following the principle that multiplicity
should be controlled over the set of tests that speak to the same sci-
entific claim. For performance (RQ1) and cognitive load (RQ2), we
controlled the false discovery rate using the Benjamini–Hochberg
(BH-FDR) procedure at 𝑞 = 0.05 within each family of two planned
pairwise comparisons (𝑚 = 2). For secondary outcomes (usability,
enjoyment, and CT change), we also controlled the false discovery
rate using BH at 𝑞 = 0.05 across that set of outcomes. We report
BH-adjusted 𝑞-values.

We conducted additional exploratory analyses on the regular
snapshots of students’ work collected in Study II. These snapshots
captured the complete application state and were recorded after
10 seconds of inactivity, with a maximum interval of 15 seconds
during continuous activity. First, we calculated the approximate
task completion times, and second, we manually reviewed students’
interactions as they were solving the tasks to identify common
issues or misconceptions in the two different modes. These analyses
aimed to contextualize and help explain the quantitative findings.

5 Results

The results from both studies can be found in Table 3. According
to our Student’s t-test of students’ task performance difference,
participants performed significantly stronger (𝑝 = 0.016) when
solving the tasks with the semantics-first (SF) mode instead of
code. The effect size was moderate (Cohen’s 𝑑 = 0.56). The average
performance was stronger using SF than Code on nine tasks out
of ten. Students also performed better on the tasks when using SF
instead of block-based programming (BB); incidentally, the p-value
was also 𝑝 = 0.016 here, and also with a moderate effect size (0.76).
Thus, we were able to reject the null hypothesis here in response
to RQ1.

The difference in cognitive load was only significant under the
SF versus BB comparison (𝑝 = 0.026). The effect size was moderate
(Cohen’s 𝑑 = 0.60 in favor of SF). However, under the SF versus
Code comparison, there was no significant difference (𝑝 = 0.583).
Therefore, our hypothesis for RQ2 could only be partially validated.
For our secondary research questions, the difference in enjoyment
on the SF versus code mode was not significant, but the average
scores were in favor of code. The intervention was not effective
at improving computational thinking outcomes, which can likely
be explained by the short duration of the study. The usability of

the SF-mode was rated significantly higher (𝑝 = 0.033) than the
usability of the block-based programming mode.

After BH-FDR control within each research-question family, RQ1
remained significant: SF outperformed Code in Study I and BB in
II (both 𝑞BH = 0.016; 𝑑 = 0.56 and 𝑑 = 0.76, respectively). For RQ2
(cognitive load), neither comparison met the 𝑞 = 0.05 threshold (SF
versus BB on TLX:𝑞BH = 0.052,𝑑 = 0.60; SF versus Code on the Paas
scale: 𝑞BH = 0.583, 𝑑 = 0.12). Across secondary outcomes analyzed
with BH-FDR at 𝑞 = 0.05, none survived adjustment (usability,
Study II: 𝑞 = 0.098; enjoyment, Study II: 𝑞 = 0.098; enjoyment,
Study I: 𝑞 = 0.163; CT Δ, Study I: 𝑞 = 0.620).

While our study used counterbalancing and a pause between
activities (a lunch break) to mitigate learning effects, we also con-
ducted a brief sensitivity analysis by measuring the difference in
performance after the first session only, i.e., when students could
not have benefited from prior exposure in another programming
mode. To do so, we restricted the analysis to the first session in
each study, defined as the block in which participants encountered
the task set for the first time in the respective pair of modes. In the
comparison between SF and BB, the former mode again yielded
significantly higher performance on this subset (𝑝 = 0.046) accord-
ing to an independent samples Student’s t-test, with a large effect
size (Cohen’s 𝑑 = 1.06) in favor of SF. In the comparison between
SF and Code, the effect size in favor of SF was also large (Cohen’s
𝑑 = 0.86), while it did not reach significance according to the t-test
(𝑝 = 0.058). Given the reduced per-group sample size (half the
original within-subject sample) and the loss of paired information
in this first-session-only analysis, this pattern is compatible with
the main results and, while not conclusive, offers some additional
reassurance that practice or fatigue on repeated tasks are unlikely
to be the driver of the observed advantage of SF.

5.1 Exploratory Analysis

Through manual review of the snapshots, we identified several
misconceptions specific to block-based programming. Especially
early in the session, students often failed to connect blocks properly
(see top right in Fig. 11). Another common source of confusion was
if and if-else blocks:We observed students apparently mixing up the
if and else branches. Students also frequently placed instructions
outside the intended block. For example, the "set state to DONE"
instruction was sometimes placed after an if-else statement when
putting it into the if or else statement would have been correct
instead (see left in Fig. 11). We also observed students creating
trivially faulty instructions, such as testing if there is a tree to the
elephant’s left and then instructing it to walk to the left (see bottom
right in Fig. 11).

In contrast, the SF mode produced fewer classifiable miscon-
ceptions; difficulties primarily arose from overfitting rules to one
specific example, such that the program did not solve other example
instances of the same task.

The second exploratory measure was time to completion. For
each task, mode, and participant, we computed the time from the
snapshot when participants first opened the task to the snapshot
where the task had been successfully completed. Table 4 shows
average completion times by task and mode. The averages for the
SF mode are lower for all but task 7. Task 7 shows a large standard
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Means (SD)

Study Outcome SF BB Code 𝑝 Cohen’s 𝑑 (SE)

I Performance (Manual) 0.30 (0.15) — 0.21 (0.13) 0.016 0.56 (0.26)
I Cognitive load (Paas) 5.23 (1.88) — 5.50 (1.82) 0.583 0.12 (0.27)
I Enjoyment 6.90 (2.32) — 7.68 (1.99) 0.122 0.34 (0.24)
I CT skills Δ 0.00 (0.78) — −0.27 (1.62) 0.620 0.22 (0.43)

II Performance (Levels) 6.06 (1.71) 4.47 (2.21) — 0.016 0.76 (0.29)
II Cognitive load (TLX) 59.16 (18.28) 66.67 (13.96) — 0.026 0.60 (0.16)
II Enjoyment 5.53 (2.81) 4.59 (3.04) — 0.049 0.52 (0.39)
II Usability (SUS) 53.24 (22.20) 46.32 (23.74) — 0.033 0.57 (0.14)

Table 3: Consolidated comparative results across the two studies. Bold 𝑝-values indicate significance (𝑝 < 0.05). Mean values are

shown for semantics-first (SF), block-based (BB), and textual code (Code)modes, with standard deviations (SD) in parentheses. All

tests are Student’s paired-sample 𝑡-test, except for the change in computational thinking (CT Δ), which shows an independent-

samples Student’s 𝑡-test. Cohen’s 𝑑 is reported with its standard error (SE) in parentheses. Higher values are better for

performance, usability, computational thinking (CT), and enjoyment; for cognitive load, lower values indicate lower workload.

Figure 11: Three screenshots illustrating common issues in

block-based mode. Left: a likely misconception about if-else

logic: The state is set to DONE regardless of whether the wa-

termelon was found. Top right: a block overlaid rather than

connected, causing unexpected behavior. Bottom right: a triv-

ially incorrect instruction directing the elephant into a tree.

deviation, which might be attributed to the task being more difficult
than intended or fatigue, as it was completed only by seven students,
and for most of them the last task they worked on. Task 8 was only
completed by one student in the block-based mode.

Consistent with our earlier observation that students struggled
with block connections, especially early in the session, the BB-SF
gap was larger for Task 1 (69% longer) than for the structurally
similar Task 2 (7% longer), suggesting that the mechanics of block-
based syntax posed a greater hurdle than the underlying problem-
solving.

Task ID Semantics-First Block-Based

1 295 (222.17) 498 (432.45)
2 205 (266.53) 220 (208.94)
3 252 (214.04) 507 (345.04)
4 324 (195.93) 672 (429.18)
5 180 (105.90) 308 (264.02)
6 148 (106.59) 158 (40.39)
7 1489 (612.46) 728 (150.74)
8 300 (4.99) 765 (—)

Table 4: Average time to task completion in seconds for each

task and programming mode. Standard deviations are in

parentheses.

6 Discussion

Our two evaluations suggest that semantics-first programming
yields measurable benefits for novices in solving tasks in a Karel-
like programming environment; we found that participants solved
significantly more tasks successfully under this mode than with
either textual JavaScript or block-based programming. The signifi-
cance of the results persisted under multiple-comparison control,
and the effect size in each case was moderate.

On the other hand, our question on cognitive-load differences in
different modes showed less conclusive results, and after multiple-
comparison control, the results were not significant. Generally, the
cognitive load scores for all modes were high according to both
the Paas rating and the NASA-TLX, indicating that students spent
significant mental effort in solving the tasks (a finding consistent
with our observations).

We hypothesize that the performance improvement induced by
the semantics-first approach can be attributed to its design phi-
losophy. When programming using traditional blocks and code,
the meaning of a conditional is implicit when it is authored. In
contrast, during semantics-first programming, the predicate that
determines whether a rule is active is a concrete configuration on
a visible grid, showing the agent’s immediate context. This locality
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of evaluation minimizes the need to integrate spatially separated
information sources (program state versus code), a known contrib-
utor to extraneous cognitive load both in novice programming and
other settings (the split-attention effect). Our exploratory analysis,
which indicates that students struggled with the semantics of if-
blocks, also point into this direction. However, as our results did
not show a significant difference in perceived cognitive load (at
least not for the Code versus SF condition), this theory should be
investigated further in larger studies or in studies that make use of
more objective measurements of cognitive load with physiological
instruments, such as eye-tracking equipment.

The results are well-aligned with the early success of older, simi-
lar demonstrational systems such as KidSim [63] and Stagecast [65],
and recent evidence from the visual language Algot finding that
systems that make the program state more visible can lower or
maintain cognitive load while improving outcomes in novice popu-
lations [76, 77]. However, in contrast to existing studies, we believe
that our work offers more robust evidence in favor of semantics-
first and semantics-first-adjacent programming, the reason being
that under all conditions, students were programming in the same
Karel-like programming environment Elephant. Furthermore, our
study demonstrates the usefulness of the Elephant research plat-
form for conducting empirical research on different programming
paradigms; future studies can utilize the environment to conduct
longitudinal research on how semantics-first programming affects
learning, which our study was not designed for.

For our secondary research questions, we believe that the re-
sults were impacted by the study design and the attributes of the
study population. For instance, all participants were highly moti-
vated volunteers attending an extracurricular, multiday workshop
on JavaScript programming, indicating a possible bias towards
JavaScript programming. We also hypothesize that the perceived
utility of Elephant could play a role when compared to textual
programming; for example, Krings et al. found that “most students
defined programming traditionally as ’writing code”’ and do not
consider any alternatives [31], and a 2020 study on four visual pro-
gramming languages such as Scratch and Karel the Robot found
that secondary school students “perceive these environments as
having only a specific, educational purpose” and do not consider
them to be “real programming” [10]. As for improvements in com-
putational thinking skills, we believe that the intervention was too
short to induce measurable changes.

Prior work by Banerjee et al. [5] has also demonstrated that
text-free, language-neutral programming-by-demonstration envi-
ronments can be beneficial for learners who face a language bar-
rier, as many textual and block-based systems use English words
and expressions, which can put non-English speakers at a disad-
vantage. Elephant likewise is a programming-by-demonstration
whose SF approach relies on little text. While the design goals and
the technical details of the paradigms differ, we believe that our
work reinforces that programming can be made more language-
neutral. Beyond language barriers, visual and direct-manipulation
approaches may also support learners with diverse learning needs,
such as dyslexia or attention differences, who may struggle with
text-heavy programming environments.

We believe that our findings motivate certain design choices in
novice programming environments for strengthening conditional

reasoning, for example, to support bidirectional projections of the
program state. The design of such an environment does not have
to involve bespoke visual programming languages, but could be
layered into existing IDEs by adding live state views. By using
static analysis or abstract interpretation, similar to how Algot does
it [77, 79], effects of if conditions could be visualized. In classroom
practice, SF could be well-suited for introducing conditionals and
debugging strategies before or alongside blocks or text. One possible
progression is to start with conditional semantics-first patterns
using live semantics, view the same solutions in block-based or
textual programming via projection, and finally transition students
to working directly in blocks or text while preserving live predicate
feedback. Such an approach could help students learn conditional
logic without abandoning their eventual need to read and write
code.

6.1 Limitations

We acknowledge several limitations. The programming tasks focus
on grid-based control logic with local perception in a Karel-like
grid. While this enabled experimental control, it limits external
validity and whether the findings generalize to broader program-
ming contexts with richer state spaces or more abstract problem
domains. Additionally, Study I and Study II used different system
versions (v1 vs. v2) and different dependent measures (Paas/CTt vs.
TLX/SUS), creating confounding factors that weaken cross-study
comparability and qualify claims about consistent effects across
contexts.

Our evaluations were short (approximately 5 hours), used small
samples (N=22 and N=17) with gender imbalance, and occurred
in workshop contexts with participants who may be more moti-
vated than typical students. The Elephant interface evolved be-
tween studies, and despite counterbalancing, novelty effects may
have influenced subjective measures. Future work should examine
longer-term outcomes in authentic classroom settings with more
diverse samples and task domains (for example, with a richer state
and more open-ended goals).

7 Future Work

7.1 System Extensions

Our current work focuses primarily on conditionals and sequenc-
ing within Elephant. However, the semantics-first approach can
support more advanced computational topics in the introductory
computer science curriculum. To demonstrate this, we designed
an extension with two new abilities that enable learners to reason
about higher-level algorithmic concepts.

In the existing system, the elephant has the ability to place flags
on the grid to record previously visited locations (see A○ in Fig. 12).
This mechanic supports search; the learner can use the flags to
implement greedy strategies to navigate unexplored areas on the
grid. However, greedy search strategies have limitations that the
learner will quickly discover when coming across cycles or dead
ends. To address this, our extension adds a new ability to Elephant
that allows the elephant to place teleportation platforms and later
teleport back to the most recently placed teleportation platform (see
B○ in Fig. 12). This functionality can support diverse algorithms. For
example, it allows the student to carry out systematic backtracking,
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Figure 12: Elephant extensions for teaching graph search. (A) The elephant can place flags to mark visited cells, enabling

greedy strategies that prioritize unexplored areas, though this may still lead to loops. (B) The elephant can place a teleportation

platform and teleport back to the most recently placed platform, supporting systematic backtracking as in depth-first search.

(C–D) The elephant can clone itself to explore multiple branches simultaneously, serving as a visual metaphor for breadth-first

search, where multiple frontier nodes are expanded in parallel.

which is critical for depth-first search (DFS). From a computational
thinking perspective, this ability also embeds a nested structure into
the system; the elephant can teleport to a given location, conduct
several tasks (e.g., collect watermelons), and then teleport back to
its initial location. Second, our extension allows the elephant to
clone itself into multiple instances, allowing the user to explore
different areas of the grid in parallel (see C○ and D○ in Fig. 12). In
addition to supporting breadth-first search, this ability can support
advanced topics like recursion and a variety of divide-and-conquer
algorithms.

To support this, Elephant grids can contain a pre-placed tele-
portation portal, in addition to any that are created by the user
during runtime. These portals may be positioned in areas inacces-
sible to the original elephant, requiring transportation to reach
them. Accessing a portal will move the elephant to the most re-
cently placed portal, should more than one exist. In the SF mode,
portals appear as a new cell type in the see grid, allowing rules to
match when the elephant is adjacent to a portal. The act grid gains
a “Create Teleport” action that the learner can select to specify that
the elephant should create a new portal after making a movement.
In block-based mode, a block for creating portals is added, while
the textual API provides a createPortal() function. The act of
cloning an elephant is conceptually similar, with the learner speci-
fying clone spawning locations in the act grid, with corresponding
blocks and API functions in the other modes. Clones share the same
rule set but operate independently based on their local context,
enabling parallel exploration of multiple branches.

Together, these two additions transform the environment from
a semantics-first programming system for introductory computa-
tional thinking into a more general resource for computing educa-
tion, and can help (i) make advanced topicsmore accessible to young
learners, and (ii) improve on textual representations by making the
program state more visible. To validate these extensions, qualita-
tive feedback should be gathered (for example think-aloud sessions
or interviews with students) to assess the user experience of the
teleportation and cloning mechanics, which may introduce un-
foreseen complexities or usability issues. Subsequently, controlled
empirical studies should examine whether the semantics-first repre-
sentations of these extensions improves learners’ understanding of

search algorithms. Possibly, broader outcomes could be investigated,
such as whether it reduces misconceptions about graph traversal,
or whether it can strengthen computational thinking skills and
support transfer to conventional text-based programming environ-
ments. Such directions might be appropriate for upper secondary
school students.

7.2 Semantics-First as a Primer for Textual

Syntax

Another avenue for future work is the idea that semantics-first
programming could serve as a preparatory activity before students
encounter textual syntax. Rather than teaching syntax and seman-
tics simultaneously, a “semantics-first, syntax-second” progression
might allow students to first develop robust mental models of pro-
gram behavior through state-visible environments before taking on
the additional cognitive demands of textual syntax. Such a reorder-
ing could potentially reduce early frustration and attrition while
building stronger conceptual foundations.

However, our studies were not designed to test this hypothesis
directly. A compelling validation would require demonstrating that
students who first work in the SF mode subsequently perform
better when transitioning to text-based programming, compared
to students who begin with the text-based mode directly. If such
transfer effects can be demonstrated, it would strengthen the case
for SF programming as a principled entry point in introductory CS
curricula rather than merely an alternative modality.

8 Conclusion

In this paper, we presented Elephant, a unified Karel-like grid-
based programming environment that offers three modes of pro-
gramming within a single runtime: block-based, textual program-
ming, and semantics-first programming. The last of those is a new
direct-manipulation programming method inspired by classical
but underexplored visual approaches. Our environment is explic-
itly designed to teach secondary school students to work with
conditionals. Across two five-hour studies (N=22 and N=17), the
semantics-first mode yielded higher task performance than both
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textual and block-based programming, while differences in per-
ceived cognitive load and subjective ratings were smaller and less
consistent. We release the system, tasks, and study materials to
enable replication and classroom use. Overall, the tool and findings
support adding semantics-visible interactions as a practical comple-
ment to block and textual tools in early programming instruction,
and motivate longer classroom deployments that track transfer and
retention.
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A Tasks

Table 5 lists the tasks we used in both studies. While Elephant
does not offer direct support for counting, counting in task 9 can be
achieved through changing the state. The last tasks were included
to ensure that we did not have a ceiling effect in the results; we
anticipated that very few students, if any, would be able to solve
all tasks successfully.
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Table 5: Overview of the ten programming tasks presented to participants. Each task included several examples, the number

of which is specified in the column # Examples. Depending on the task, we show one or two representative examples in the

column Selected Example(s). The table also shows the states available for programming the elephant and the task description

shown to participants.

Task ID Selected Example(s) # Examples States Description Shown To Participants

1 2 SEARCHING, DONE
The watermelon is in front of the elephant. Stop
the elephant on the watermelon.

2 2 SEARCHING, DONE

The watermelon is somewhere in the column
to the left of the elephant. Find the watermelon
and stop the elephant on the watermelon.

3 2 SEARCHING, DONE

The watermelon is behind the right wall. The
elephant should turn around and stop on the
watermelon.

Continued on next page
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Table 5 – Continued from previous page

Task ID Selected Example(s) # Examples States Description Shown To Participants

4 3 SEARCHING, DONE

The elephant should follow the maze and stop
on the watermelon. The maze has only one path
that the elephant can follow, and the elephant
will face the entrance to the maze at the begin-
ning.

5 1 ONE, TWO, DONE
The elephant should place a flag two fields
ahead.

6 2 SEARCHING, DONE
The elephant should collect all the watermelons
in the row.

7 3 DOWN, UP, LEFT,
RIGHT, DONE

The elephant should collect all three watermel-
ons.

Continued on next page
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Table 5 – Continued from previous page

Task ID Selected Example(s) # Examples States Description Shown To Participants

8 3

STARTING, SEARCHING,
FOUND_WATERMELON,
TURNING, GOING_HOME,
DONE

There is a watermelon ahead in the column of
the elephant. Make the elephant collect the wa-
termelon and then return to the field where it
started (hint: you must mark the field yourself!).
There is always an empty field behind the wa-
termelon, allowing the elephant to turn around.

9 4

COLLECTING1,
COLLECTING2,
COLLECTING3,
SEARCHING, DONE

Make the elephant collect exactly three water-
melons and then stop on the watermelon.

10 2 A, B, C, D, E, F, G,
H, DONE

Make the elephant draw a checkered pattern of
flags (like on a chessboard), exactly as seen in
the image.
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