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End-user programmers need programming tools that are easy to learn and use. Development environments for end-users often support
one of two visual modalities: block-based programming or data-flow programming. In this work, we discuss differences in how these
modalities represent programs, and why existing block-based programming tools are better suited for imperative tasks while data-
flow programming better supports nested expressions. We focus on robot programming as an end-user scenario that requires both
imperative and expressions-based code in the same program. To study how end-user tools can better support this scenario, we propose
two programming system designs: one that changes how blocks represent nested expressions, and one that combines block-based and
data-flow programming in the same hybrid environment. We compared these designs in a controlled experiment with 113 end-user
participants who solved programming and program comprehension tasks using one of the two environments. Both groups indicated a
small preference for the hybrid system in direct comparison, but participants who used blocks to solve tasks performed better on average
than hybrid system users and gave higher usability ratings. These findings suggest that despite the appeal of data-flow programming,

a well-adapted block-based programming interface can lead end-users to more programming success.

RESEARCH HIGHLIGHTS

¢ Block-based programming is a modality commonly found in imperative programming tools for end-users.
¢ Data-flow graphs are common as well, and a better fit for programs with nested expressions.

e We propose end-user friendly designs for programs that combine imperative and expression-based code.
e We find that users perform better using a block-based design compared to a block-and-graph hybrid.

* This finding suggests that consistency is more important for end-users than fitness for purpose.

Keywords: application specific development environments; visual languages; empirical studies in HCI.

1 Introduction

Millions of people write code as part of their job, but only a few
of them are professional software developers (Ko et al.,, 2011, US
Department of Labor, 2021). The vast majority of programmers are
end-users, who receive no formal programming-related education
and only limited training. Due to this lack of formal expertise,
end-users would struggle to use most development environments
and general purpose programming languages, because they are
designed for professional software developers. Instead, end-users
rely on domain-specific tools and languages that are designed to
be easy to learn and use (Dorn, 2010, Wiedenbeck et al., 1995).
End-user tools typically provide rich user interfaces that
leverage visual aids and notations, making them expensive to
develop from scratch. To save development cost and effort,
many tool developers build on established frameworks that are
suitable for a wide range of programming domains. Block-based
programming and data-flow programming are two of the most
commonly used frameworks for this purpose. The former uses
visual puzzle blocks to represent program syntax, while the latter

represents programs as visual directed graphs that illustrate
information flow.

Previous work has explored how blocks and data-flow graphs
can benefit different domains, but has only considered them
independently. Data-flow programming has long been used in
industrial languages and applications (Kelly et al., 1961, Morrison,
1994), and has recently been re-popularized and applied to new
domains, such as game development (Bertolini, 2018, Sewell, 2015)
and workflow automation (Fagan, 2007). Data-flow representa-
tions tend to be used for data and event processing, because they
are well-suited to illustrating the step-wise evaluation of mathe-
matical and logical expressions. Block-based programming on the
other hand has its roots in computer science education (Maloney
et al., 2010, Weintrop, 2019), but has recently been proposed as
a solution for end-user programming as well, targeting areas
such as home automation (Gongalves et al.,, 2021) and industrial
robot programming (ABB Ltd, 2020). Blocks are typically used to
used to describe imperative, story-like sequences of commands,
like animations (Conway, 1998, Maloney et al, 2010) or robot
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FIGURE 1. An imperative block-based program for a mobile robot. The block representation (a) matches the flow of program execution and text. The
graph representation (b) can replicate this, but adds visual clutter rather than further clarity.

if . touching color O ? or touching color . ? and

move m steps

touching edge v+ ? then

FIGURE 2. A conditional expression in the block-based language Scratch: the nested structure is compressed into a single line and hard to read

and edit.

manufacturing steps (ABB Ltd, 2020, Weintrop et al.,, 2017). How-
ever, previous work has chosen one of the two frameworks or
the other, without explicitly discussing the trade-offs that come
with this choice, or evaluating how their individual strengths or
limitations fit a specific programming domain.

In this work, we investigate the comparative benefits and short-
comings of block-based and data-flow programming for end-
user programming. For imperative programs, existing block-based
environments resemble the flow of natural language instruc-
tions, making them intuitive to read for beginners (see Figure 1a).
Data-flow programming can imitate this style (see Figure 1b),
but adds visual clutter with little apparent benefit. Conversely,
existing block-based tools are poorly optimized for representing
nested expressions. As Figure 2 illustrates, even when block-based
expressions grow in size and complexity, they are usually com-
pressed into a single line and difficult to read and edit. Some
existing block-based systems have found visual workarounds for
this issue (Bak et al., 2018, Mattioli & Paterno, 2020), but expres-
sions still follow a pre-determined, rigid shape that can be hard to
read. Data-flow programming is better suited for describing such
expressions (see Figure 3), as it reveals the flow of information
and illustrates how individual sub-expressions contribute to a
resulting value (Johnston et al., 2004).

Ideally, an end-user programming tool should support both
imperative and expression-based code. When users define what
a program should do, an imperative style is often easier, whereas
defining when to do it often requires them to create logical condi-
tions in the form of nested expressions. In this work, we consider
a concrete use case where both aspects of a program are impor-
tant and can become complex enough to challenge end-users:
programming a mobile robot that moves between workstations
and operates machinery. Previous work has identified the value

touching color @ ?

touching CEED) 2

touching color

move @[¢) steps

FIGURE 3. Mock-up of a data-flow graph representation equivalent to
the program in Figure 2. The data-flow and structure of the nested
expression is visually highlighted and easier to read.

of empowering end-users to program mobile robot assistants that
can can freely and autonomously conduct work across worksta-
tions (Burger et al., 2020, Ritschel et al., 2022). Existing approaches
have demonstrated that block-based programming can support
end-users as they define what actions such a robot should perform
(Ritschel et al., 2022, Weintrop et al., 2017). However, operating
machines, for example by first loading and later unloading them,
requires more careful planning of when a robot should execute
these operations. A widely used strategy for program planning
in end-user tools are triggers, a simplified form of event-based
programming where users combine external input signals into
logical expressions (Ovadia, 2014, Ur et al., 2014). Existing end-user
automation tools typically combine triggers with simple, atomic
actions that are executed when a trigger expression is satisfied.
When integrated into existing block-based robot programming
tools, triggers could allow users to plan the execution of their
code, while robot command blocks allow them to define complex,
highly customizable actions.



Triggers require the definition of nested expressions, which tra-
ditional block-based programming tools do not support well. We
consider two options to overcome this limitation: one is to adapt
block-based programming to better support nested expressions,
and the other is to build a hybrid system that supports both blocks
and data-flow graphs, using each for different parts of the same
program. To investigate the suitability of the two options further,
we created two prototype environments that each implement one
of them and represent triggers either as blocks or as a data-flow
graph. We conducted a between-subject controlled experiment
to compare the two prototypes. We recruited 113 end-users, via
the Prolific online platform, to compare them. Each participant
was trained to use their respective environment and was asked
to complete two complex tasks that required writing both nested
expressions for triggers and imperative robot code. We then eval-
uated their ability to comprehend isolated, complex examples
of triggers that were represented using blocks or using a graph.
Finally, we asked participants to rate their assigned environment
in a survey, and showed them the alternative design to give them
an opportunity to compare the two options.

We find that participants performed better on average when
using a purely block-based environment, both when writing pro-
grams and when trying to understand them. These results are
complemented by the participants’ subjective ratings, which were
higher for those who used blocks exclusively. However, when
asked to compare the environment they used with the one they
did not, both participants who used blocks and those that used
data-flow graphs preferred the graph-based environment. Our
observations illustrate the appeal that data-flow programming
has on end-users, but also highlight its practical limitations com-
pared to purely block-based tools. For the domain of robotics, we
find that introducing graphs as a situational alternative does not
clearly benefit end-users. For other domains, our findings suggest
that designers should deeply consider whether the advantages
of any novel representation can outperform blocks for end-user
programming tasks.

2 Background

In this section, we present an overview of related work in
end-user programming, as well as block-based and data-
flow programming. Block-based programming and data-flow
programming have been studied and evaluated independently in
previous work, so we first present them separately, in the context
of end-user programming. We then provide an overview of the
smaller body of empirical and analytical evaluations of either of
the two modalities, and their relation to our work.

2.1 End-user Programming
End-users make up a substantial portion of the programming
workforce, and have been targeted by a large body of work (Ko
et al., 2011, Wiedenbeck et al.,, 1995). Most of this work focuses
on making it easier for end-users to write and edit programs. To
achieve this goal, end-user programming systems typically provide
richer user interfaces, visual programming languages, and more
scaffolding than systems intended for professionals (Barricelli
etal., 2019). These features can be expensive to design and develop,
but also come with another cost: most end-user systems are
domain-specific and tailored to a limited range of tasks (Ajayku-
mar et al., 2021).

Most end-user systems target a domains with sufficient
demand for dedicated tools, such as business, web development,
automation, and robotics (Barricelli et al., 2019). Some of these
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domains have established dedicated programming approaches,
such as spreadsheets for business applications (Nardi & Miller,
1990), or gesture and demonstration-based programming for
robotics (Biggs & MacDonald, 2003). Nonetheless, most end-user
tools rely on more traditional approaches that are easier to adopt,
such as the data-flow or block-based programming modalities
we compare in this work (Ajaykumar et al., 2021, Barricelli et al.,
2019). In practice, tool developers have little guidance on which
of approach they should choose from the multitude of different
design alternatives, and this absence motivates our work to better
understand their trade-offs.

Writing programs is typically the core, but not the entirety of
the software development work that end-users have to perform.
As they gain more experience and work on larger code bases, end-
user programmers often engage in tasks such as editing, refactor-
ing, or debugging code. Some tools aim to support end-users with
a wider range of software-related tasks, such as debugging, docu-
menting, or maintaining their code (Dittrich et al., 2013). These end-
user development often provide even more complex and custom-
tailored tools and visualizations (Dittrich et al., 2013, Fleming
et al., 2013). Furthermore, previous work has proposed debugging
features tailored towards the design of block-based and data-flow
programming tools (Banken et al.,, 2018, Kim et al., 2018). However,
we see these development questions as mostly independent from
the underlying language design. The study we present in this
work touches these topics, for example by giving participants
the opportunity to test and debug their code, and tasks that
ask them to extend existing code. However, it provides the same
functionality to all participants, and does not aim to study the
broader end-user development process .

2.2 Block-based Programming

Block-based programming represents the syntax of programs as
visual puzzle blocks. Programmers can drag these blocks from
a library of language fragments onto the programming canvas
and attach them to previously placed blocks. By visualizing the
legal ways in which blocks can be assembled using jigsaw-shaped
notches, block-based languages guide novice programmers as
they construct their programs (Maloney et al., 2010, Weintrop,
2019). Compared to other types of structural editors that partially
rely on text inputs (Hempel et al., 2018, Voinov et al., 2022), block-
based editors rule out syntactic errors entirely. In addition, every
program that can be visually assembled is also executable and can
be tested immediately. These design aspects reduce frustration
and encourage inexperienced programmers to tinker with their
code (Fraser, 2015, Maloney et al., 2010).

The Scratch (Maloney et al., 2010) editor has popularized block-
based programming over the past decade. Scratch remains the
block-based system with the most users today, and was listed
as the 20th-most popular programming language overall by the
TIOBE Index in 2022 (TIOBE The Software Quality Company, 2023).
Scratch and most other popular block-based environments, like
Snap! (Harvey et al., 2013) and MIT App Inventor (Wolber et al.,
2011), were designed to teach programming to students from K-
12, as well as junior university students. As such, these environ-
ments are easy to learn, but are not necessarily useful for writing
complex programs for production use. Instead, they are typically
designed to offer their users explicit paths to transition to tra-
ditional, text-based languages (Fraser, 2015, Weintrop & Holbert,
2017). Some even offer ways to switch between block-based and
text-based representations of the same program (Kelleher et al.,
2007), allowing students to transform their block programs to text.
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More recently, end-user programming tools have started using
block-based programming as well (ABB Ltd, 2020, Gongalves et al.,
2021, Weintrop et al.,, 2017). Early evaluations suggest that the
benefits of blocks also apply to this domain (Gongalves et al,
2021, Ritschel et al.,, 2022, Weintrop et al.,, 2018). However, most
block-based end-user systems and their evaluations focus on
small fragments of code. The limitations of these tools typically
become severe once programs grow large or complex. Some end-
user systems have added further environmental support or visual
programming elements on top of blocks to improve their read-
ability (Fronchetti et al., 2023, Ritschel et al., 2022). However, these
additions only target individual, domain-specific programming
use cases. In Section 3, we describe the inherent limitations of
blocks in more detail.

2.3 Data-flow Programming

Data-flow graphs visualize the flow of information in a program.
Nodes represent fragments of computation, which are connected
via directed edges that show how the results of one node’s com-
putation feed into another node. Typically, nodes correspond to a
program’s syntactic fragments, similar to each individual block in
block-based programming. Edges on the other hand do not nec-
essarily match the syntactic structure of the program, so nodes
can have multiple outgoing edges or there might even be cycles in
the graph. However, if computation is imperative and side-effects
are ignored, data-flow graphs can appear quite similar to blocks,
as in Figure 1. Such a tree-shaped data-flow graph can be trivially
converted into blocks by replacing edges with block connectors,
and vice-versa.

In contrast to blocks, data-flow programming has long been
used to target industrial end-users. Block diagrams, not to be
confused with block-based programming, were introduced in 1960
as a text-based description language for data-flow graphs used
in electrical engineering (Kelly et al., 1961). Subsequent refine-
ments allowed the visualization of increasingly complex struc-
tured programs as flow charts (Morrison, 1994) and introduced
them as a teaching tool (Calloni & Bagert, 1994). Although data-
flow programming tools have remained niche until the early
2000s (Johnston et al., 2004), selected systems like LabView (Vose,
1986) have gained popularity in domains like engineering and
system design.

In recent years, data-flow programming has seen a resurgence,
likely due to technological advances such as higher-resolution
monitors and faster processing and rendering capabilities. One of
the most successful modern data-flow languages is the Blueprints
Visual Scripting language used in the Unreal Engine for game devel-
opment (Sewell, 2015). This scripting language has influenced
several similar languages used in game development, such as the
Unity Visual Scripting language (Bertolini, 2018). In addition, data-
flow programming has become a popular tool for managing high-
level information flows and interactions, for example between
different web services (Morrison, 2010), home automation sys-
tems (Brich et al., 2017, Ghiani et al.,, 2016), or Internet-of-Things
devices (Leki¢ & Gardasevi¢, 2018).

Similar to block-based code, data-flow programs can become
difficult to read and edit as they grow. Laying out large graphs
without long or crossing edges can be challenging, especially for
novices. Some data-flow editors address this challenge by offer-
ing automated layout assistants (Sewell, 2015). However, these
systems typically discards any manual effort that users have
applied to structuring their code. It also does not fully alleviate
the issue of long edges or hard to read large programs entirely
if users do not manually decompose their code. We discuss the

usability limitations of data-flow programming in more detail in
Section 3.

2.4 Analysis and Comparison of Blocks and
Data-flow Graphs

A substantial body of previous work has studied the effectiveness
of data-flow-based systems (Burnett et al., 1994, Green & Petre,
1996, Whitley, 1997, Whitley et al., 2006) or block-based systems
(Fronchetti et al., 2023, Ghiani et al., 2016, , Ritschel et al., Weintrop
et al.,, 2018) in comparison to text. Other work has investigated the
benefits of such systems in comparison to more traditional, form-
based wizards (Desolda et al., 2017). Most of this work contributes
empirical evidence for the advantages of the respective visual
modality, often finding substantial benefits with respect to learn-
ability or usability. However, these benefits can be rarely traced
back to specific design decisions, since the work only compares
between the presence of one specific approach and its absence.
Other work has compared design decisions explicitly, but only
within one of the two modalities of blocks (Holwerda & Hermans,
2018, Ritschel et al.,, 2022, 2020) and data-flow graphs (Green &
Petre, 1996). Some of this work has identified the benefits of the
respective systems, and discussed potential usability limitations
and design challenges for future systems (Green & Petre, 1996,
Holwerda & Hermans, 2018). Other work has explored ways to
represent the same program using different syntactic choices
(Ritschel et al., 2022, 2020), but only within the same overall
program representation.

We are not aware of any previous work that compares, or
even considers, both block-based and data-flow programming as
potential solutions for the same programming task. We speculate
that this lack of comparative work is a result of block-based
systems being historically focused on computer science education
and only recently entering the domain of end-user program-
ming. Nonetheless, more recent work shows clear overlaps in
the domains that both systems target, resulting in block-based
(Weintrop et al., 2018) and data-flow-based (Alexandrova et al.,
2015) solutions to robotics programming, or blocks (Gongalves
et al, 2021) and graphs (Brich et al., 2017) being used in home
automation. Because of the lack of comparative work, the indi-
vidual advantages of the underlying modalities in these domains,
and whether there are potential trade-offs between them, remain
unclear. One of the contributions of this work is to address this
lack of comparative evaluation.

3 Comparing Block-based and Data-flow
Programming

In this section, we compare the strengths and limitations of block-
based and data-flow programming with a focus on end-user
applications. We build on the previous introduction of both pro-
gramming modalities from Sections 2.2 and 2.3. Our comparison
in this section is organized around the framework of 13 Cognitive
Dimensions of Notations (CDN) (Green, 1989). One of the earliest uses
of the CDN has been the analysis and comparison of the design
of graph-based (Green & Petre, 1996) systems. The structure and
findings of this comparison inform the discussion we present in
this section. The framework has also been used in previous work
to compare among competing block-based (Holwerda & Hermans,
2018) design alternatives. We therefore see CDN as a useful tool
to extend the previous work and conduct a similar comparison of
the cognitive effects on programmers across the two modalities.
While most CDN terminology is self-explanatory, we introduce
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TABLE 1. Summarized comparison of block-based and data-flow programming along the cognitive dimensions discussed in this

section.

Cognitive Dimension Block-based Programming

Data-flow Programming

Closeness of Mapping No improvements over pure text
Hard Mental Operations

Hidden Dependencies No improvements over pure text

Diffuseness

Consistency
can introduce inconsistencies

Secondary Notation Rarely supported and often hard to access

Visibility Often in conflict with secondary notation; degrades
rapidly as programs grow
Viscosity Low for imperative code, but can be very high for nested

expressions

Premature Commitment
reassembled

Programmers must untangle nested expressions

Low number of syntactic elements that must be learned

High for complete programs; handling of missing code

Rarely necessary, as blocks can be easily rearranged and

Improved through the explicit representation of data-flow
Programmers (typically) need to manually arrange nodes

Shared dependencies can be highlighted by re-using
existing nodes

Slightly higher than for blocks due to edges as additional
syntactic element

Very high for side-effect free programs; significantly lower
when state has to be represented

Manual arrangement of nodes adds an inherent secondary
notation layer

Requires more screen space and programmer effort, but
can scale better for large programs

Low, but increases when nodes need to be re-arranged to
maintain visibility

Often necessary, as users need to commit to an
arrangement of nodes early-on

some terms as necessary, and highlight all CDN references in the
text by underlining and italicizing them.

We do not explicitly cover all dimensions of the CDN, but only
the 9 that are most directly influenced by the visual representa-
tion of programs. Our findings for these dimensions are summa-
rized in Table 1. We skip the dimension of progressive evaluation
support, as it is mostly influenced by a system’s integration
with its run-time environment, which is orthogonal to how pro-
grams are represented. We also ignore the abstraction gradient and
role-expressiveness dimensions, which are primarily determined by
programming language features such as abstraction mechanisms
and can be represented equivalently in both modalities. Finally, we
discuss the dimension of error-proneness inline when it is affected
by design decisions that we made to improve cognitive effects
along other dimensions affected by visual representation.

3.1 Closeness of Mapping and Hard Mental
Operations

Block-based languages are designed to reduce the barrier of entry
to programming by making programs more similar to natural
language text (Conway, 1998, Maloney et al., 2010). To achieve
this goal, most block-based systems avoid special syntax, such
as parentheses, that are unfamiliar to non-programmers. In addi-
tion, the systems typically structure program syntax in a way that
matches the reading flow of natural language. Consider Figure 1
as an example, where a robot is instructed to execute a sequence
of commands. The way blocks are arranged in Figure 1a allows
programmers to read this program in a single pass, top-to-bottom
and left-to-right, matching the flow of English language text: “To
move stack of blocks at Station A: Pick up item from top left; place
item at bottom right; ...". Many block-based systems even offer on-
the-fly translation of programs, potentially mirroring the block
shapes to adapt to languages like Arabic that are read right-to-left.

By making programs closely resemble the structure of
text, block-based languages forego a common goal of visual
languages, which is to improve the closeness of mapping between
how a program and its semantics are visually represented.
For example, visual languages might choose to represent the
operations of the program in Figure 1a by visualizing locations

or movement paths. This representation would simplify the
potentially hard mental operation of visualizing the instruction
substantially. Notably, some block-based systems provide minor
visualizations that are embedded into blocks, such as the colors
shown in Figure 2. However, they avoid more complex visual
aids that would both increase the implementation cost of such
a system or add visual elements that programmers have to
learn. This strategy of keeping block-based frameworks reusable
and easily recognizable by users has likely contributed to their
success.

The approach that blocks use to match natural language works
particularly well for imperative code. To illustrate how blocks
represent nested logical expressions, Figure 2 shows a simple con-
ditional statement in block-based system Scratch (Maloney et al.,
2010). Unlike traditional programming languages, Scratch repre-
sents this nested expression without parentheses or other special
syntax. Instead, block boundaries mark the nesting structure of
the sub-expressions, making the resulting expression resemble
an English sentence: “If [you are] touching [the] color black or
touching [the] color grey and touching [an] edge, then move 10
steps.” Compared to the purely imperative example, the condition
described by this sentence is harder to read and understand.
More importantly though, the nesting of the logical clauses in the
sentence is ambiguous without also inspecting the block bound-
aries in Figure 2. Requiring users to closely examine the nesting
of blocks increases the system'’s error-proneness. Furthermore, it
introduces a new hard mental operation that is similar to that of
parsing a complex English sentence.

Data-flow graphs follow a different strategy than blocks, but
typically aim for a similar goal. Instead of imitating natural
language, they make programs resemble flow charts that use
familiar symbols, such as arrows, to direct the reader’s attention.
For imperative programs, this approach can lead to a similar result
as for blocks, as shown by the graph in Figure 1b that resembles
the block-based program in Figure 1a. However, unlike for blocks,
the readability of data-flow graphs highly depends on their visual
layout. For example, the graph shown in Figure 1b could have
been drawn with nodes placed at random locations. Without an
automated system for arranging nodes, controlling the layout
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of graphs can be an additional hard mental operation that is not
present in blocks.

Although visually laying out a program can add a mental
burden for programmers, it can also be beneficial. For exam-
ple, Figure 3 shows the data-flow equivalent of Figure 2. In this
example, the arrow notation of the data-flow graph improves
the closeness of mapping between notation and program execu-
tion flow. Therefore, reading the nesting and order of logical
operations is substantially easier. This layout also reduces the
risk of users misreading or misinterpreting the nesting structure,
which reduces the system’s error-proneness. However, this change
in layout also comes at a space cost, which we discuss further in
Section 3.4 as it affects a program’s visibility.

3.2 Hidden Dependencies

One of the strengths of visual programming compared to text-
based systems is their ability to explicitly represent a program’s
hidden dependencies. For example, in traditional programming, code
might refer to variables or other names that are defined in dif-
ferent sections of a program. Although modern programming
environments allow users to quickly navigate to these definitions,
visual languages can represent these connections directly. Com-
mon visual techniques for this include adding edges to a graph, or
automatically positioning related elements near each other.

In block-based programming systems, few examples make
hidden dependencies explicit. Although most editors support high-
lighting related blocks, such as a variable definition and its ref-
erences, this functionality does not go beyond the equivalent
support provided by text-based systems. Some recent block-based
systems have experimented with spatially aligning concurrent
code in parallel programs (Fronchetti et al., 2023, Ritschel et al,,
2020). However, these capabilities are typically custom-tailored
to a specific subset of parallelism and require substantial com-
promises in which other language features they can be combined
with. These limitations might also explain why dependency visu-
alizations are not found in any mainstream block-based systems
to date.

Data-flow programming can provide stronger highlighting of
hidden dependencies than blocks. In Figure 3, the dependencies
between the logical sub-expressions are more prominently
represented and easier to identify. A reader can easily follow
the incoming edges of a node to identify all other nodes that it
depends on, and the visual arrangement of the graph can further
support this clarity.

Some data-flow programming systems support nodes with
multiple outgoing edges that can be re-used in other parts of
the program. For example, if the expression “touching edge” is
used in another part of the program, it could have a second
edge pointing to a different node, while a block-based program
would use an entirely new expression block. The feature allows
program creators to make dependencies even more explicit than
would be possible in text- or block-based systems without this
visual feature. Furthermore, lower redundancy also reduces the
error-proneness of the system, as the effects of changes and incon-
sistencies are easier to identify and avoid.

3.3 Diffuseness and Consistency

In the CDN, diffuseness and consistency are related, but different,
dimensions. Diffuseness refers to the number of syntactical or
visual elements that a language defines. This could be the number
of different blocks or nodes in a language, or the number of
additional visual elements used to represent their composition.

Consistency refers how easily the meaning of one syntactical or
visual element can be derived after understanding others. A
diffuse language might also have high consistency if all of its
elements follow an easily recognizable pattern, and one with
low diffuseness might also have low consistency if its few elements
require distinct effort to interpret. Both block-based and data-flow
languages can be at arbitrary points along both dimensions with
respect to the number and types of nodes or blocks they offer. For
our comparison, we focus on the way both modalities represent
program composition.

Because blocks resemble text, they traditionally have low
diffuseness and high consistency. Blocks can be composed by
connecting new blocks vertically or horizontally. For each block,
the possible connectors are identifiable based on the block’s
shape, and almost all blocks in commonly used systems fall
into one of two categories: statements that have connectors at
the top and bottom, or expressions that have a connector on
the left and potentially holes for adding sub-expressions. By
keeping the two block categories distinct, users can easily identify
which blocks might be used at each point of a program. Most
block-based languages lack consistency regarding how unfilled
holes are handled. Missing sub-expressions usually make an
the surrounding expression block impossible to interpret, which
many block-based systems handle by skipping its evaluation and
continuing with the next statement. Branching statement blocks,
such as conditional blocks, on the other hand generally support
empty branches without warning or error.

Data-flow graphs introduce an additional visual element:
directed edges. These edges ensure that hidden dependencies are
explicitly represented in the program’s code. This additional
visual element increases the diffuseness of the program represen-
tation. Nonetheless, compared to other visual representations,
the diffuseness of the overall system remains low.

Ata first glance, data-flow languages exhibit greater consistency
than block-based languages in that they only provide one type
of connector between nodes, and that connector always behaves
identically. However, this is only the case in the context of side-
effect-free programs where all data-flow is clearly structured
and known in advance. As an example where this breaks down,
assume that there exists a type of node that writes values to
memory that it shares with other nodes. Ignoring this potential
data-flow would lead to an inconsistent graph, as it only models
some types of data-flow but not others. This representation could
mislead users into thinking that nodes are independent even if
they are not.

To improve the consistency of data-flow graphs in the presence
of side-effects, tool designers might introduce edges that, directly
or through an intermediate node, connect all the potentially
dependent computations. This design choice can further bene-
fit users by highlighting otherwise hidden dependencies. However,
unlike other data-flow edges, these edges are only informative
and cannot be edited by users directly. A representation that uses
different types of edges increases the diffuseness of the language,
and could grow unwieldy if even a modest number of nodes share
the same memory access. As a result, data-flow languages can
only represent side-effects by making substantial sacrifices in
terms of diffuseness or consistency.

3.4 Secondary Notation and Visibility

In the CDN terminology, secondary notation describes how users
can annotate their code with informal elements. These annota-
tions typically aim to make code easier to read or understand,



both for its author and for potential third-party readers and
editors. Almost all traditional programming languages offer text-
based comments as the primary feature for this purpose. However,
most languages also allow programmers to improve the read-
ability of their code in other ways. For example, the ability to
use custom names for code fragments, or the freedom to format
code with white space, also provides opportunities for informal
program annotation.

Visual programming languages, including data-flow languages,
typically support a different style of secondary notation than text.
Despite their graphically rich overall design, few visual languages
support free-form drawings or graphical elements to be used
for informal code annotations. In fact, not all visual languages
even support textual comments. One likely reason for this lack of
annotation support are visibility concerns. If formal and informal
notations are not visually distinct enough, users might confuse
them. If this is the case, the secondary notation can even harm the
readability of the surrounding code by hiding intended semantics
of a program behind visual clutter.

The main tool for secondary notation that many visual languages
provide to programmers is the freedom to arrange their programs.
If it is deliberately chosen rather than coincidental, the proxim-
ity of nodes and the layout of edges are themselves a form of
secondary notation. For example, a user might cluster related
elements on a 2D canvas, or order edges to represent the order of
execution, as shown in Figure 3. This custom arrangement allows
users to highlight program fragments they consider important,
and to improve the visibility of the overall program’s semantics.

Historically, many block-based systems have neglected
secondary notation altogether (Holwerda & Hermans, 2018). Some
popular systems have only offered a single form of non-functional
annotation: leaving unattached (i.e, “commented out”) code
fragments on the editor canvas for later use. Although most
modern block-based systems also support textual comments that
are attached to a specific block, this feature is often hidden behind
drop-down menus, discouraging their use. Notably, block-based
systems do not support the custom arrangement of code or even
manual white space or line breaks, due to their strict use of block
shapes. In programs like the one shown in Figure 2, this limitation
can drastically lower the visibility of nested blocks. Block-based
tools are therefore particularly limited in how they can represent
nested mathematical or logical expressions.

3.5 Viscosity and Premature Commitment

Most of the cognitive dimensions discussed previously are primar-
ily related to the comprehension of existing programs. However,
the ease with which end-user programmers can create and edit
new programs is also an important usability factor. When a pro-
gramming tool requires premature commitment, it forces the pro-
grammer to anticipate later editing steps early in the development
process. For example, a programmer might have to commit to a
structure or decomposition style before having a sense of the scale
of their final program. The viscosity of a program representation
describes the effort that is required to make changes to existing
code. Program editing effort can grow if programmers have to
make repeated, or related, edits to different but intertwined parts
of a program. Therefore, redundant information and coupling
lead to an increased viscosity, even in cases where the extra
information might benefit the readability of a program.

When a tool both requires premature commitment and has a high
viscosity, it creates challenges for novices that can cause them
to get stuck during editing. Data-flow programming tools often
fall into this category because users have to decide how they
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will lay out their graph as soon as they start working on their
program. For example, users might have difficulties determining
the appropriate distance between nodes or fail to anticipate if
a node will be used across different parts of the same program.
Data-flow programming tools also introduce editing effort by
requiring users to edit nodes and edges separately. Often, when
a node is supposed to be replaced, users must first delete it and
then recreate all connections within the graph. This limitation
also increases the error-proneness of the editing process.

Block-based tools aim to simplify editing and avoid premature
commitment by allowing users to construct program fragments
independently before assembling them. Blocks are re-arranged
automatically to make space for inserted fragments, eliminating
the effort of planning a program’s layout. Blocks can further be
re-arranged by simply dragging them between connectors. Any
re-arrangement of blocks also applies to all of their attached
children and successor blocks, which can eliminate redundant
editing steps. However, the viscosity of blocks increases substan-
tially when editing the nesting of blocks. For example, supposed
a user wants to change the association of operators in Figure 2.
What might be as simple as moving a parenthesis in text-based
code can require users to fully disassemble and then re-assemble
most of the conditional expression in blocks. In fact, it might
be preferable for users to re-create the expression from scratch
as it is requires more hard mental operations or editing steps than
making changes to the existing expression.

4 Two Design Alternatives for Block-based
Nested Expressions

As outlined in Section 3, the choice between block-based program-
ming and data-flow programming comes with usability trade-
offs. Different styles of programs are better represented in dif-
ferent modalities: blocks are a good fit for stateful, imperative
code, while data-flow graphs are better at representing nested
expressions. However, real-world programs commonly use both
of these styles to define what and when code gets executed. As
a consequence, even on a case-by-case basis, it is not always
possible to choose one modality that is a strictly better fit than
the other.

In this section, we focus on a domain that illustrates the trade-
offs between block-based and data-flow programming within a
single use case: mobile robotics. We then present two design
alternatives for programming environments that are building on
previous block-based end-user systems. Both designs aim to make
it easier to define complex nested expressions. One design solely
makes changes to the visual representation of expressions in
block-based programming. The other design is a hybrid between
block-based and data-flow editing and allows users to define
expressions in a data-flow graph while all imperative commands
remain as blocks. To support our discussion, we continue refer-
encing the CDN framework in the same style as in Section 3,
underlining and italicizing CDN terms in the text.

4.1 Use Case: Mobile Robotics

Programming industrial robots traditionally requires substantial
expertise, both in programming and in the robotics domain. Auto-
mated no-code programming approaches like demonstration-
based learning (Argall et al, 2009) and gesture recognition
(Gadre et al., 2019) has simplified small, linear robot tasks
like pick-and-place routines, but more complex use cases
still require programs written by humans. A range of robot
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FIGURE 4. Programming in two canvases: users can select and assemble task and trigger blocks in the left canvas and edit the currently selected block
(here: “Load and start machine”) in the right canvas. A simple simulator on the very right allows users to test their programs.

programming environments specifically target end-users, usually
targeting stationary robot arms (ABB Ltd, 2020, Ajaykumar et al.,
2021). As recent work has demonstrated, environments that
combine block-based programming and demonstration-based
programming are particularly effective in this task (Fronchetti
et al., 2023).

Recently, mobile robot workers have been identified as targets
of interest for end-user programming as well (Burger et al., 2020,
Ritschel et al, 2022). This type of robot consists of a mobile
robot base with a mounted gripper arm that can move between
a number of workstations, and is already commonly deployed
in warehouses and factory floors. Previous work (Ritschel et al.,
2022) has focused on the challenges created by the size of mobile
robot programs, which can become quite large, as the robot arm
may perform a number of different tasks across several different
work stations. However, a challenge that remains unaddressed is
how to control the triggers for these workflows and interactions
with the robot’s environment through machine signals or human
inputs in a novice-friendly way. Mobile robot tasks are highly
stateful and are predominantly written in an imperative style,
while triggers for event-based programming are typically repre-
sented as complex logical expressions. For this reason, we believe
that this scenario is ideally suited to demonstrate the challenges
of combining these two different programming styles in a single
end-user environment.

4.2 Shared Design Approach: Editing in Multiple
Programming Canvases

In this paper, we build on a programming system introduced by
previous work (Ritschel et al., 2022), which uses multiple program-
ming canvases to modularize large programs into understandable
chunks. Figure 4 illustrates our adaptation of this environment,
which is the foundation for both design alternatives presented
below. Users define the overall program flow in a canvas on
the left side of the screen. Each task block that is added to this
canvas is assigned to a single workstation and defined in its own
task editor canvas, which is displayed on the right side of the
screen once a task is selected. The task editor contains commands
for instructing the robot pick and place items, load and unload
machines, and turn on machines to process loaded items.

We extend the existing work by adding support for triggers
to the previously presented programming system. As shown in
Figure 4, triggers allow programs to be non-linear and controlled
by environmental interactions, rather than a pre-determined
sequence of robot commands. A robot controlled by triggers might

react to external signals, such human inputs (e.g., a button being
pressed), machine events (e.g., the processing of an item being
finished), or environmental conditions (e.g., the robot gripper
being empty). Programmers can combine multiple signals within
a trigger through logical combinators, similar to how a programmer
would compose a conditional expression as shown in Figures 2
and 3. The combination of triggers and tasks allows programmers
to assemble complex, mostly autonomous workflows that can
allow multi-tasking or reduce the need to re-program a robot.

Following the design principles introduced by the existing sys-
tem, we divide our programming system into two canvases. Pro-
grammers can create tasks and triggers in the left programming
canvas and assemble them into execution sequences. When a
task or trigger is selected, its definition is displayed and can be
edited in a separate canvas on the right. In the example shown in
Figure 4, the “Load and activate machine” task is selected on the
left side of the screen and its definition is displayed on the right
side. The task editor is identical for our two design alternatives,
which only differ in the way triggers are edited when they are
selected.

We use a multi-canvas framework for our designs as it has
several key benefits: First, the approach addresses decomposi-
tion, which is a challenge in an end-user context when pro-
grams become moderately large. The idea of programs being
composed from multiple localized tasks naturally extends into
a more complex composition of tasks and triggers. Second, the
separate canvases allow users to edit two programs next to each
other while makingit easy to understand that they are not directly
composable. Third, for the context of the experiment that we
present in Section 5, the design allows us to create versions of
the programming environment that are virtually identical except
for how triggers are represented that we aim to evaluate.

4.3 Design Alternative 1: Adapting Block-based
Programming

As we discussed in Section 3, block-based programming aims
to imitate the flow of natural language text, which works well
for commands. However, as with natural language, expressing
nested clauses can grow unwieldy, and untangling them becomes
a hard mental operation for readers. The trigger editor canvas on the
right side of Figure 5 uses a design that aims to make block-based
expressions easier-to-understand. Similar to a bullet point list, it
spreads a nested expression over multiple lines. The jigsaw shapes
that are typically used for statements in block-based languages
represent the concatenation of sub-expressions. Deeper nesting
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with the representation of tasks shown in Figure 4, but the the data-flow between the blocks can become harder to read as expressions grow.
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FIGURE 6. A more complex block-based trigger expression for a mobile
robot, represented as blocks. The computational flow of the nested
sub-expressions is not obvious for beginners.

levels are represented by inserting a new concatenation operator
(here, “any of”) and placing sub-expressions inside, similarly to
how nested statements (e.g. the “move” block in Figure 2) are
usually represented in block-based languages.

The trigger design shown in Figure 5 improves the visibility of
the overall nesting structure of the program and the
role-expressiveness of each block. This design is further from
natural language than is customary for block-based programs,
but it avoids using any special syntax such as parentheses.
However, the design does not offer the same opportunity
to use secondary notation as text-based languages, as users
have no freedom to format their programs. Furthermore, the
hidden dependencies between sub-expressions can make it hard
for programmers to determine in which order blocks evaluated.
This limitation becomes more apparent in the complex example
trigger shown in Figure 6, which contains multiple levels of
nesting, and in which blocks are not evaluated in linear order.

Another notable restriction of this block-based trigger repre-
sentation is that expressions cannot be directly composed with
imperative block-based code such as that for tasks in Figure 4.
This might not be obvious for users, as the trigger blocks have
the same visual style as task blocks. Other block-based systems
that spread logical expressions across multiple lines also face this
issue, and typically mitigate it by using different colour hues for
statements and expressions (Bak et al., 2018, Mattioli & Paterno,
2020). However, this visual distinction is not consistent with the
usual design of blocks, where shapes alone determine compos-
ability, and colors can be mixed arbitrarily. Our prototype avoids
this issue and keeps the overall system consistent by separating

the two editing canvases and preventing attempts to mix and
assemble imperative and expression-based code. Nonetheless,
this limitation would affect other environments that try to use
the same representation without a multi-canvas design.

4.4 Design Alternative 2: Creating A Hybrid
Programming Environment

The design we presented in Section 4.3 aims to make programs
easier to understand while maintaining a single consistent
block-based programming style. However, this approach has
some disadvantages compared to data-flow programming. In
addition to retaining limitations of blocks, like the inability to add
secondary notation, the system does not visualize the implicit data-
flow. This can make it difficult for novices to determine the order
in which trigger blocks are evaluated. For example, in Figure 6,
as nested expressions determine the values of the surrounding
operators, information flows right-to-left and bottom to top,
which is inverse to imperative code. Data-flow programming
makes the order of computations and the flow of information
explicit, making it easier to reason about complex expressions.
We therefore speculate that this programming style could be
beneficial, even if it comes at the cost of a lower consistency across
the overall system.

It is often possible to convert programs between the two modal-
ities, as illustrated by Figure 7, which is a direct conversion of the
block-based program in Figure 6. However, their user interfaces
differ too much to seamlessly switch between them while pro-
gramming. Therefore, we propose an design as shown in Figure 8,
which builds on the previously presented multi-canvas approach.
Instead of using blocks throughout the entire system, this design
combines block-based and data-flow program representations
and shows them side-by-side. For each part of a program, the
system uses the representation that provides the most benefit for
the user. This allows users to edit tasks as blocks and triggers as
graphs, without switching between programming environments.

5 Evaluation

To evaluate the trade-offs of our block-based and hybrid editing
design alternatives, we conducted a controlled experiment. The
goal of this experiment was to gain further empirical insights
into the learnability and usability trade-offs between the block-
based and the hybrid environment beyond our analysis presented
throughout Sections 3 and 4. We discuss our experimental
design and procedure in this section and present our findings in
Section 6.
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5.1 Research Questions

We set out to answer the following research questions:

RQ1: Does the introduction of triggers into a multi-canvas program-
ming environment enable end-users to solve robotics tasks that involve
environmental interactions?

Through this research question, we aimed to validate the over-
all design approach for both programming environments that
we outlined in Section 4.2. Previous work found that a program-
ming environment with two separate programming canvases can
help end-users structure complex programs and allow them to
program mobile robots with high success (Ritschel et al., 2020).
Trigger-based programming extends the range of programs sup-
ported by this environment, and enables new practical use cases,
as discussed in Section 4.2. However, although triggers have been
used successfully in previous end-user programming system (Ur
et al., 2014, 2016), it remains unclear if end-users are able to use
them effectively in the context of our system. The two approaches
of trigger-based and multi-canvas programming might not work in
tandem, and triggers may not be suitable for the domain we chose
for the experiment. Furthermore, triggers increase the complexity
of the overall system and might make it too difficult to learn
for end-users, especially in the ad-hoc context of a study. We
therefore aimed to use our results for RQ1 as a baseline of the
performance we could expect from participants.

RQ2: Does the representation of triggers affect the performance of
participants as they read and write robot programs?

Using our findings for RQ1, the primary goal of our study was to
compare participant performance across the two prototype envi-
ronments that we presented in Sections 4.3 and 4.4. By answering
this research question, we set out to gain additional insight into
the trade-offs between the two approaches and their empirical
implications. In particular, we aimed to determine which environ-
mental prototype is more effective at mitigating the limitations of
block-based and data-flow programming in the chosen scenario
of mobile robot programming.

RQ3: How do participants perceive both representations of triggers
after using one of them?

In addition to collecting performance measurements, we
also set out to investigate how our participants perceived their
assigned environment. We asked participants whether they
preferred one environment over the other, and whether they
have any comments about their programming experience or
preferences. By collecting their feedback and opinions, we hoped
to better understand our findings for RQ1 and RQ2, and gather
insights that might inform future designs or research on this topic.

5.2 Participants
We describe our power analysis, the method we used for recruit-
ing, and the demographics of our participants below.

Power Analysis: We performed a power analysis (Cohen, 1992)
to estimate the necessary number of participants to reach statisti-
cally meaningful results. Assuming o = 0.05 and a medium effect



size (w = 0.3), the power analysis determined that a minimum of
88 participants were necessary to reach a powerof 1- g =0.8ina
simple x?-test. Rounding conservatively, we therefore planned to
recruit 100 participants.

Recruitment: Our study was advertised on Prolific (Palan
& Schitter, 2018), an established online platform that pays
participants a fixed compensation to participate in studies and
other research activities The advertisement contained the study
description, an estimate of the study duration, and details about
the offered compensation, which was 12£." We recruited English-
speaking participants worldwide and in multiple waves to avoid
over-representing specific countries or population groups. We
discuss potential biases that might have been introduced by the
Prolific platform and the recruitment process in Section 7.4.

Demographics: We include the data of 113 participants in the
results that we presentin Section 6. On average, these participants
were 28.6 years old (SD=9.6); 44 (39%) identified as female while
68 (60%) identified as male. One participant opted not to disclose
their gender. Participants listed 23 distinct countries of residence,
and 78 (69%) identified themselves as employed at least part-
time. The majority of our participants (69%) indicated a European
country of residence, with Poland being the most commonly listed
country for 22% of our participants. The remaining participants
either indicated a country in North America (16%), another conti-
nent (9%), or did not provide any residency information.

5.3 Materials

For our study, we used the following programming systems and
interactive tutorials.

Programming Systems: We implemented prototype versions
for both programming systems designs presented in Section 4.
Both use the same general overall set-up for mobile robot pro-
grams that previous work introduced and found to be effec-
tive at supporting end-users as they compose large programs
(Ritschel et al., 2022). The purely block-based programming system
builds on multiple side-by-side instances of the framework Blockly
(Fraser, 2013), while the hybrid environment connects Blockly
with a graph editor that uses the framework MXGraph (JGraph
Ltd, 2017). Both environments further feature an identical sim-
ulator that shows a simplified top-down view of a mobile robot
and its environment. Programs can be immediately tested in
the simulator, which provides feedback to participants through
a graphical representation of the robot environment, as well as
error messages when commands fail to be executed.

To keep the two programming environments under evaluation
as similar as possible, the environments provide identical syntax
and editing functionality for programming imperative robot tasks.
For defining triggers, the trigger editors use equivalent syntax that
only differs based on the used program representation. This sim-
ulator also provides the same functionality and a built-in testing
mechanism that can determine whether a user has successfully
solved a given task. Throughout the study, participants were able
to reset the simulator and execute code as often as they wanted,
encouraging them to experiment and test partial solutions.

Tutorials: We presented participants with three separate tuto-
rial tasks. The first tutorial was designed to help with the pre-
screening process by ensuring that potential participants show a
minimum level of engagement with the presented systems. This
tutorial asked potential participants to program a robot to pick

1 Prolificis based in the United Kingdom and calculates payments in British
pounds. Participants from other countries received equivalent amounts in their
local currency.
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and place a block, with detailed instructions how to do so. The
tutorial was designed to take less than 5 minutes to complete, did
not include any triggers, and was identical for all users.

The second and third tutorial gave participants a more thor-
ough introduction to the programming environment they were
assigned to use. The second tutorial introduced each participant
to writing programs that span multiple workstations and are split
across multiple tasks. The third and final tutorial introduced
participants to triggers and how to program the robot to interact
with machines. While the third tutorial was different for both
participant groups due to the different methods used to program
triggers, we designed both tutorial versions to be as similar as
possible. Overall, we aimed for participants to spend less than 20
minutes total on the second and third tutorial combined.

5.4 Study Procedure

Because we recruited participants remotely through the Prolofic
platform, we had no direct interaction with them other than
addressing rare cases of technical difficulties. Instead, partici-
pants followed a fully automated study procedure that is outlined
in Figure 9 and that we discuss in detail below.

Pre-screening: To ensure that participants were end-users, we
performed two filtering steps. First, we used a filter provided by
Prolific to limit advertising to participants who did not report
having computer programming skills when they created a profile
on the platform. Second, we presented potential participants with
a brief pre-screening survey that asked them whether they had
previous experience with software development, robotics, block-
based, or visual programming languages. Only participants who
did not report any previous experience were allowed to participate
in the study, while the remainder received 0.30£ for their efforts.

Automated bots and inattentive participants are a known
issue when using online panels and crowdworking platforms
(Chmielewski & Kucker, 2020). We chose the Prolific platform
instead of the more commonly used MTurk as the platform
claims to carefully curate their participant pool and prevent
automated or duplicate submissions (Palan & Schitter, 2018). To
further ensure that participants engaged with the study, and have
the technical capabilities to use the programming environment,
we also included our first tutorial as part of the pre-screening
process. This tutorial, described in Section 5.3, was intended to be
easy to complete, but could not be finished by randomly clicking
on the screen. Participants who successfully completed the first
tutorial received a small compensation of 1£ and were added to
the pool of pre-screened participants.

Randomization and Training: After pre-screened participants
provided consent to participate in the study and have their data
collected, we assigned each of them randomly to one of the
two environmental prototypes. Participants were not aware of
the alternative programming environment until they reached the
comparative survey, which was the last part of our study. After
participants were assigned a programming system, we presented
them with the remaining two tutorials that we describe in Sec-
tion 5.3. Participants had to finish both tutorials to proceed with
the study. We did not enforce a strict time limit for this part of
the study.

Programming Tasks: To answer RQ1 and RQ2, we aimed to
present participants with programming tasks that feature both
triggers and robot programs that are complex enough to test the
programming abilities they had acquired during their training.
We also wanted to test both the practical usability of blocks and
data-flow graphs, and how they support the participants when
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FIGURE 9. Procedure of the randomized experiment to evaluate the two prototype environments.

they need to reason about the activation of triggers. For this
reason, we used tasks that were larger and more complex than
those used in previous studies (Ritschel et al., 2022, 2020, Weintrop
et al.,, 2017). As larger tasks take participants more time, we had
to limit their number to ensure that participants would not get
exhausted or drop out of the study. We eventually settled on two
tasks in a fixed order that covered the concepts we set out to
investigate:

Task 1 is large but conceptually simple. Two buttons are used
to control a robot and make it pick up items from two different
workstations. In both cases, the items should be carried to a
machine that processes them, and after the machine finishes, the
robot should pick up the items and transport them to a target
destination. For this task, we decided to give straight forward
natural language instructions for the required logic of the triggers,
placing the focus on execution rather than creativity or abstract
logical thinking.

Task 2 is more complex than Task 1, as it required one robot
to simultaneously manage two item processing pipelines. We
provided participants with a program for managing one of the
two pipelines. Although it seems at first that duplicating this
given code is all that would be necessary to solve the task, the
resulting programs for each pipeline interfere and cause the
robot to inadvertently place items from one pipeline onto the
other. This interference can only be avoided by adding more logic
to the triggers of the second pipeline. This task requires fewer
programming steps than Task 1 due to the given partial solution,
but resolving the interference (which is not explained in the
task description) demands a more thorough understanding of the
trigger semantics.

After conducting several pilot experiments, we expected par-
ticipants to be able to solve the two tasks in approximately 20
minutes per task. Some participants took longer than 20 minutes,
but few of the successful participants exceeded 30 minutes. We
therefore decided on 30 minutes as the cut-off time, at which
point we would save the participant’s work and redirect them to
the next part of the study. Within this cut-off time, participants
had an unlimited number of attempts at testing their solution in
the simulator we provided to them.

Usability Survey: After participants finished working on both
tasks, either successfully or by exceeding the time limit, we redi-
rected them to a usability survey. To answer RQ3, we asked
participants separately about their opinion on the learnability of
the environment they used, and how easy it was to read and write
programs with a set of 5-point Likert scale questions. RQ3 focuses
on how participants perceived triggers, but we asked participants
to rate both the definition of triggers and construction of robot
programs separately. We hoped that doing so would encourage
participants to focus on only one of the two aspects of the environ-
ment for each question. We also gave participants the opportunity
to explain their opinion or provide additional feedback using a free
text question.
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FIGURE 10. Block-based version of a more complex trigger with nested
operators, used to test participants’ program comprehension.

Program Comprehension Questions: The triggers that we
asked participants to write during the two programming tasks
were reasonably complex given the scope of the study, but
real triggers might grow even larger. Due to the limited time
participants were given to solve each task, we had to limit the
number of items, workstations, and corresponding signals that
we could ask them to consider. The code that participants had to
write consisted of two to four signals and at most two operators
in a single trigger, which is less than shown in Figures 6 and 7.
Furthermore, only one of the two tasks required participants to
read existing triggers.

To validate whether our findings, especially those for RQ2, hold
for more complex triggers, we added two program comprehension
tasks to the experiment. One task tested whether users could
comprehend a trigger similar to the examples in Figures 6 and 7.
Figure 10 shows the block-based version of the other task, which
focused on whether users could understand a trigger with more
nesting levels. We asked participants to select the correct natural
language description of each program’s behaviour out of four
options in randomized order. Both of these triggers use signals
and operators with which the participants are familiar, but do
not combine them in a way that relates to any of the previously
seen tasks or to each other. We intentionally chose this design
so that participants would have to read the given code carefully
without having to learn new concepts beyond those tested by the
programming tasks.

Comparative Survey: As a final step in the experiment, we
investigated how participants perceived the design of the environ-
ment to which they were not assigned. To answer this question,
which is related to RQ3, we showed participants the same pro-
grams that they had just seen during the program comprehension
component of the experiment, as well as the correct natural lan-
guage description of the program. We then asked participants to
rate this environment on three 5-point Likert items in comparison
to the one they had seen up to this point. Like in the usability
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FIGURE 11. Completion rates for the two interactive programming tasks and the two comprehension tasks, both overall and for each participant
group. Note that for the programming tasks, n = 113, and for the comprehension tasks, n = 110.

survey, we distinguished between the perceived learnability of the
design and the ease of reading and writing programs. We also
gave participants a final opportunity to provide written comments
about their ratings.

The comparative survey is an addition to the experiment that
required little extra participant time as we re-used the same
programs as for the previous component of the experiment. This
comes with two important caveats that should be considered
when interpreting the results. First, participants were not given
a chance to actually use the alternative design and judge its
usability beyond a first impression. Second, we expect partic-
ipants to be biased as they have seen the other design first
and are more familiar with it. However, both of these caveats
apply equally to both experimental groups. Therefore, we com-
pared responses between-groups rather than relying on absolute
rating numbers.

6 Results

Following the study procedure outlined in Section 5.4, a total of
179 participants successfully completed the pre-screening and
163 of them agreed to participate in the randomized experiment.
Of those participants, 49 decided to withdraw from the study
before completing the additional programming tutorials. Unfor-
tunately, we have no insight into why they decided to withdraw. It
might have been because they struggled to follow the tutorials, or
because the study required too much effort for the compensation
we provided.

Participants who did complete the tutorials took 28.8 minutes
on average (SD=10.2) to do so, with is slightly longer than
anticipated. Upon closer inspection, the longer completion time
can be attributed to the third tutorial, which introduced triggers.
This tutorial took participants 16.2 minutes to complete on
average (SD=6.0) while the first two tutorials stayed within
their expected duration. The first tutorial took 5.1 minutes on
average (SD=2.1) while the second tutorial took 7.6 minutes
on average (SD=4.1). One participant was excluded for neither
attempting any programming tasks nor providing any survey
responses.

In the remainder of this Section, we present the data for the 113
participants who completed at least the programming component
of the experiment. Of those participants, 3 did not complete the
usability survey and program comprehension tasks that followed
the interactive programming portion of the study. Consequently,

we only include the data that we collected up to the point when
those participants decided to exit the study.

When we refer to the evaluated groups, we will call them
Blocks and Hybrid for brevity, as the only difference between
them was the program representation used to define triggers.
In the remainder of this section, we primarily report averages
for descriptive statistics, but have also analyzed medians and
standard deviations. For brevity, we only report those alternative
metrics where we found them to be noteworthy, such as the
number of program runs per participant. For all statistical tests,
we use p < 0.05 as significance threshold.

6.1 Effectiveness of the Trigger-based
Multi-Canvas Programming System (RQ1)

For each participant in the experiment, we recorded whether they
finished each task and how long it took them if so. Figure 11 shows
the success rates of the participants for both the programming
and the comprehension tasks we asked them to complete. For
the interactive programming tasks, 68 out of 113 participants
(60%) were successful in completing Task 1, while 50 participants
(44%) successfully completed Task 2. Participants who success-
fully completed Task 1 took 16.9 minutes on average (SD=5.80),
and those who were successful on Task 2 took 18.6 minutes
(SD=7.09).

We further recorded the participants’ final programs as well
as intermediate programs whenever they decided to run tests.
The number of tests run ranges widely between participants for
both tasks. On average, participants ran their programs 7.04 times
(SD=5.83) for Task 1 and 8.43 times (SD=6.86) for Task 2, which
includes the final, successful run if there was one. The median
of runs is substantially lower at 4 runs for Task 1 and 6 runs
for Task 2, illustrating that most participants only ran their code
a few times while a few used more, with up to 34 attempts
at most. We manually examined successful and unsuccessful
participants’ testing behaviour individually but did not find any
notable differences.

Finally, we also measured participants’ ability to comprehend
two more complex examples of triggers. We found that 84 (76%) of
the 110 participants who completed the program comprehension
tasks correctly answered the first comprehension question and 78
(69%) correctly answered the second question. Most participants
who correctly answered one of the two questions also answered
the other one correctly; 68 participants (62%) correctly answered
both questions.
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FIGURE 12. Completion probability over time for the two programming tasks. Shaded areas are 95% confidence intervals.

6.2 Performance Differences Between the
Environments (RQ2)

In addition to analyzing the overall participant performance, we
also analyzed the individual groups and compared their results.
Of the 59 Blocks participants, 42 (71%) solved Task 1 and 30 (51%)
solved Task 2. Of the 54 Hybrid participants, 29 (54%) solved Task
1 and 20 (37%) did the same for Task 2. The Blocks participants
who successfully solved Task 1 took 16.0 minutes on average,
compared to 18.1 minutes for Hybrid participants. For Task 2,
successful Blocks participants took 18.7 minutes on average,
while Hybrid participants took 18.5 minutes.

Participants were restricted in how long they could work on
each task, and we suspect that this time restriction has influenced
their success. Therefore, we performed survival analysis on our
data, which allows us to consider both the success-over-time data
of participants and their final success at the cut-off time (Goel
et al,, 2010). The survival function S(t) models the probability
of a participant having not yet successfully finished a task at a
given point in time. Since we are interested in the probability of
participants having completed the task after a given time, we plot
the respective completion curves 1 — S(t) in Figure 12.

We fit Kaplan-Meier estimators (Goel et al., 2010) on the success
rates and times of the participants. Figure 12 shows the resulting
95% confidence intervals for the completion probabilities. We
also performed a log-rank test (Wellek, 1993) for each task to
determine if the difference between the two curves is statistically
significant. We found x2 ., (df=1; N=113) = 4.92, p = 0.03 and
Xk (Af=1; N=113) = 3.08, p = 0.08. Therefore, only the difference
for Task 1 is statistically significant.

For both tasks, we found only minor differences in the testing
behaviour of the two groups: Participants in the Blocks group
ran their programs 6.93 times (median=4, SD=6.34) for Task 1
and 8.30 times (median=5, SD=7.46) for Task 2, compared Hybrid
participants executing 7.15 runs (median=5, SD=5.45) for Task 1
and 8.61 runs (median=6, SD=6.44) for Task 2.

For the comprehension question, we also found that partici-
pants in the Blocks performed better than those in the Hybrid
group. Participants in Blocks understood the trigger shown to
them correctly in 50 (85%) and 46 (78%) out of 58 cases for the two
respective tasks. The Hybrid users understood the trigger in 34
(65%) and 32 (62%) out of 52 cases for the two respective tasks. We

find xomp: (Af=1; N=110) = 6.59, p = 0.01 and xZopp, (f=1; N=110)
=4.20, p = 0.04, and therefore a statistically significant difference
for both tasks.

6.3 Participants’ Perception of the Environments
(RQ3)

In addition to measuring participant performance, we also asked
them to rate the environment they used regarding its learnability
and the readability and writability of programs. We did so with two
sets of questions to separate the task editor and the trigger editor.
We provided participants with three 5-point Likert items, which
we code as 1 for a strongly negative rating and 5 for a strongly
positive rating. The resulting matrix of responses is shown in the
first two rows of Figure 13, with each stacked bar chart comparing
the responses for the Blocks and Hybrid groups.

Participants from both groups used the same task editor and
gave it highly similar ratings as expected. The average ratings
for the task editor are 3.75 for learnability (Blocks: 3.72, Hybrid:
3.77),3.76 for readability (Blocks: 3.74, Hybrid: 3.77) and 3.54 for
writability (Blocks: 3.55, Hybrid: 3.54). For the trigger component
of the used environment, we find larger differences. The average
ratings here are 3.17 for learnability (Blocks: 3.41, Hybrid: 2.92),
3.22 for readability (Blocks: 3.45, Hybrid: 2.96) and 3.04 for
writability (Blocks: 3.34, Hybrid: 2.73). These ratings suggest that
the participants found block-based triggers more usable overall,
with a particularly strong preference when rating how easy it was
to write programs.

The collected usability ratings should not be interpreted on
an absolute scale as users rate usability with a substantial bias
towards higher ratings (Bangor et al, 2008). We did not use a
standardized questionnaire, and therefore only use the usability
ratings to compare the two participant groups to each other. This
type of comparison can also be affected by statistical biases, but
the effects are typically small (De Winter & Dodou, 2010).

We performed a one-way MANOVA across all six Likert items to
determine if there is a statistically significant difference in overall
responses between the groups. This analysis finds F(df=6, 103) =
2.34, p = 0.04, indicating statistical significance and justifying a
closer inspection of the individual items. Individual significance
tests for the task items find: Fraskearn (df=1, 108) = 0.06, p = 0.81,
Fraskread(df=1, 108) = 0.02, p = 0.88, and Fraskwrite(df=1, 108) = 0.01, p
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=0.95. For the trigger items, they find Frigrearm (df=1, 108) = 5.58, p
=0.02, Fryigread (df=1, 108) = 5.00, p = 0.03, and Fryigyrite (df=1, 108) =
8.13, p j 0.01. Therefore, the differences between all three ratings
of the trigger component are statistically significant, and those
for the task items are not.

In addition to asking participants to rate their assigned envi-
ronment, we also showed them triggers as they would be repre-
sented in the alternative environment. We asked them to indicate
which of the representations they prefer, using the same three
items (learnability, readability, and writability) as for the previous
survey. We code responses on a scale from -2 (strong preference
for the other environment) to 2 (strong preference for assigned
environment). Figure 13 shows the results for these survey items
in the bottom row, centered around a neutral rating.

The participants in the Hybrid group gave average ratings of
0.19 for learnability, 0.09 for readability, and 0.19 for writability,
indicating a weak preference for their own design. For the Blocks
group on the other hand, participants gave average ratings of -
0.41 for learnability, -0.46 for readability, and -0.45 for writability,
indicating a preference for the representation used by the Hybrid
group. A one-way MANOVA across the three items finds F(3,106) =
3.49, p = 0.02, and individual tests find Fcomprearn (1, 108) =9.05,p
0.01, Feompteam (1, 108) = 5.95, p = 0.02, and FeompLearn(1, 108) = 9.61,
p i 0.01 for the comparative ratings. Therefore, all differences are
statistically significant.

7 Discussion

In this section, we discuss and interpret our findings. We also
include selected participant quotes from the 46 total written com-
ments collected using the survey at the end of the experiment.

7.1 Success and Usability: Blocks Beat Hybrid

The results of our experiment are in line with the findings of
previous studies (Ritschel et al., 2022, Weintrop et al., 2018) that an
end-user friendly programming environment allows end-users to
program mobile robots with little training. Our success rates are
lower than those found by previous work on similar programming
environments, which were 76% (Weintrop et al., 2018) and 83%

(Ritschel et al., 2022) for their most complex tasks. However, even
those tasks were substantially simpler than any of the tasks
we asked participants to complete during our study, none of
which the previously evaluated systems supported. Examining
Figure 12, it is likely that a more generous time limit might have
allowed more participants to finish the tasks. The lower success
rate might also be attributed to the limited training that we
were able to provide to participants throughout the study. This
potentially indicates that the complexity of the presented system
is approaching the limit of what participants can be expected to
learn from scratch in a single session. A more critical interpreta-
tion might also attribute the lower success rate to triggers being
an less suitable end-user friendly program representation than
the previously evaluated design elements, which were mostly
centered around imperative tasks. Considering all these factors,
we consider a success rate of 40% still as a promising result
that can motivate both future design improvements and further
studies on the long-term usability of the presented systems.

Our findings also support our assumption that the trade-offs
we presented in Section 4 are relevant for end-users and affect
how they write code. We found that participants were faster and
more successful writing programs in an environment that uses
blocks as its only representation for code. This might be unsur-
prising, considering the additional effort required to learn two
distinct editing styles. Some participants echoed this sentiment,
writing about block-based trigger editing that “[iJt’s more similar to
programming tasks”, and about graph-based editing that “[t]he lines
and structure are relatively complex.” However, few comments men-
tion issues regarding the different editing experiences between
the two styles, with the exception of a few rare comments like “T
couldn’t find how I could change the lines, so I ended up scrapping it and
starting over.” Instead, several participants commented on data-
flow graphs being difficult to read in general, criticizing “random
arrows [that] had two separate ends and were very confusing,” and that
“it appears like there is a hierarchy even when there is not.”

Participants not only found it harder to write programs using
data-flow graphs, but also struggled to read and understand
them. This is not just supported by comments like the previ-
ously mentioned ones, but also by the results of the program
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comprehension tasks. For both tasks, users that were presented
with a data-flow graph performed significantly worse at iden-
tifying what the given trigger was supposed to do. Notably, for
the comprehension tasks we showed users the trigger code in
isolation. Therefore, we speculate that data-flow graphs might
be harder to read for end-users even outside of the context of a
hybrid programming environment.

7.2 (Why) Do End-users Prefer Graphs?

One finding of the survey does not fit with the other results:
in a direct comparison, end-users prefer data-flow graphs over
blocks. One reason for this observation could be that data-flow
graphs look more interesting or visually appealing. A recent study
on automated code generation has made similar observations,
with users indicating that they prefer to use a code generator
even though it had no measurable impact on their productivity
(Vaithilingam et al, 2022). Therefore, novelty alone (from the
perspective of the user) might be a reason why our participants
showed a preference for the data-flow graph representation.

Another potential reason for participants’ preference could be
that we only presented users with data-flow graphs such as the
one shown in Figure 7, which we manually arranged to be easy to
read for the given task. Compared to the block-based equivalent
program, some users wrote that “[t/he other one gets more clean and
organized.” and that it “looks much better and more intuitive than what
I used.” We speculate that users compared our arrangement to the
block-based program in Figure 6, which leaves no room for visual
customization or aids. Some users also explicitly stated that the
block-based code “looks very messy” and stated about graphs that
“in larger scale this looks better to program.”

7.3 Implications for Other Domains

As we outlined in Section 2, both block and data-flow program-
ming have been adapted to a variety of end-user programming
domains. However, to our knowledge there exist no hybrid systems
like the one we presented here. Our findings can be interpreted
as justifying this lack of hybrid systems. It appears that even
minor adjustments to the visual presentation of block-based lan-
guages can achieve superior results despite theoretical limitations
and caveats.

Remarkably, our results also provide initial evidence that end-
users are better at understanding blocks than data-flow graphs
even when each is used in isolation. We observed this in our pro-
gram comprehension tasks, and the participant comments sup-
port this finding. This seems to contradict the more widespread
commercial adoption of data-flow graphs compared to blocks.
Although blocks are used in select commercial robotics applica-
tions (ABB Ltd, 2020), data-flow graphs have found wide-spread
use across several other domains, particularly in game develop-
ment (Bertolini, 2018, Sewell, 2015) and Internet-of-Things pro-
gramming (Leki¢ & Gardasevi¢, 2018). Our findings raise the ques-
tion of whether exploring block-based approaches might bring
benefits for end-users in these domains as well.

7.4 Limitations
Here we discuss limitations of the experiment that we conducted.
Participant Recruitment: We recruited participants using the
Prolific online platform as it made it feasible to pick a large sample
of end-users without being limited to a single geographical loca-
tion or employer. As described in Section 5, we applied a variety of
measures to reduce the risks of using a crowdworking platform.
We also provide a range of demographic details about the partici-
pants in Section 6 that lead us to believe that we captured a wide

range of participant backgrounds. Nonetheless, we are aware that
the sample might not fully capture the large variety of potential
end-users who might be asked to write robot programs in practice.
In particular, although we aimed to recruit a worldwide sample of
participants, we did not translate the programming environments
we investigated, and only recruited English-speaking participants.
Consequently, the vast majority of participants indicated that
they live in Europe or North America, which might have intro-
duced cultural biases, such as a preference for a specific spatial
layout of the program code (Gevers & Lammertyn, 2005).

Attrition: As previously mentioned, a substantial number of
users decided to withdraw from the experiment before com-
pleting the programming tutorials. These participants have been
fairly evenly distributed between both participant groups (24 in
Blocks, 27 in Hybrid). However, we have no information about
why these participants withdrew, and our inability to analyze their
data might introduce bias into the experiment.

Task Selection: To ensure that we could ask the participants
to complete reasonably complex programming tasks, we had to
limit the number of tasks we asked them to solve. We could have
selected a larger pool of tasks and randomly assigned them to
participants, but this would have required splitting the partici-
pants into more groups and limited the statistical power of our
results. As a result, we had to select only two programming and
two comprehension tasks to represent a wider range of practical
scenarios. We justified our selection in Section 5, but the external
validity of our results is limited without further validation on
different tasks.

Training and Time Limits: Due to the limited time available
during the study, we had to restrict both the training we could
provide to the participants and the time that they were allowed
to work on each task. Participants might have performed better
overall if they had received more extensive training, and more
participants might have completed the tasks if given more time.
Furthermore, since our task order was not randomized, partic-
ipants might have also gotten more familiar with the system
throughout our study. This might have lead to unintentional
training effects, and a better performance on later tasks. However,
these limitations affected both participant groups to a similar
extent, leading us to believe that they would not have significantly
altered the outcome of the study.

8 Conclusion

In this paper we have discussed the trade-offs between block-
based and data-flow program representations in the context
of imperative programming and evaluating nested expressions.
We also presented and evaluated two design alternatives that
aim to overcome the limitations of both representations, and
found that a purely block-based programming environment with
visual adaptations supports end-users better than one that is a
hybrid of both modalities. Our evaluation provides initial evidence
that, even when only considering the programming of nested
expressions, blocks might still have a greater benefit for end-users
than data-flow graphs. Though we performed our evaluation on
the domain of robotics programming, we believe that our findings
apply to many related areas of end-user programming that use
graph-based languages, such as home and web automation,
game development, or managing Internet-of-Things devices. We
believe that these observations can inform the design of future
end-user tools in those areas, as well as additional research on
how to create new, novice-friendly, programming modalities and
interface designs.
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