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Abstract
Context:  Novices programming robotic systems’ behavior, like quadcopter missions, face 
several challenges and require adequate support to overcome initial barriers. One approach 
to support novices is to display multiple representations such as graphical previews along 
with the code editor. Such supportive representations, however, also pose challenges for 
novices: finding corresponding information in the code and in the preview. To facilitate this, 
mapping aids can be implemented to clarify the connections between code and preview and 
foster a deeper understanding. Using output-directed programming, that is, adding the abil-
ity to reverse expression evaluation in the domain-specific language, is a promising basis for 
easily creating and implementing mapping aids.
Objective:  We investigated, whether mapping aids based on output-directed programming 
can improve learning language semantics and overall program correctness and how these 
mapping aids support novices while implementing quadcopter missions.
Method:  In our study, we tested N = 82 participants while interacting and learning in an 
online programming environment. Using our 2x2 between-subject design study, we investi-
gated the effects of two mapping aids: highlighting (supports to find element-based connec-
tions in the environment) and dynamic linking (supports finding similarities on the semantic 
level of the content) on program correctness including a typical error, learning outcomes as 
well as traces of learning strategies.
Results:  While highlights were more helpful for implementing the quadcopter missions 
(mission 1: p = .008**, η2

partial = .091), dynamic linking improved learning outcomes 
on the comprehension (F (1, 75) = 5.61, p = .020*, η2

partial = .070) and application level 
(F (1, 75) = 4.08, p = .047*, η2

partial = .052). Traces of learning strategies were related 
to higher program correctness (organizing (changes in the preview)): r = .553, p < .001
***; elaborating (time engaging in the task)): r = .639 p < .001***) and higher learning 
outcomes (organizing: r = .400, p < .001***; elaborating : r = .404, p < .001***).
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Conclusions:  Implementing mapping aids through output-directed programming supports 
novices in developing a better semantic understanding of the domain specific language. 
Depending on the program tasks, different mapping aids might be effective. Based on traces 
of learning strategies while programming, adaptive interactive programming environments 
might support users individually.

Keywords  Domain specific languages · Robotic systems · Novices · Output-directed 
programming · Provenance tracking · Bidirectional linking · Multiple representations · 
Mapping aids · Traces of learning strategies

1  Introduction

The programming and integration of stationary or mobile robots is often performed by 
domain experts rather than software engineers (Rossano et al. 2013). For example, drones 
can assist in rescue operations by improving accident assessment, simplifying coordination, 
or contributing to the rescue of survivors (Roldán-Gómez et al. 2021). The low-level pro-
gramming of such a system, i.e., basic control and communication capabilities, is provided 
by the manufacturer. However, high-level programming of the mission objectives must be 
done on-site by the drone operator – often a programming novice instead of a programming 
expert.

Novice programmers, i.e., users without or with very little prior programming knowl-
edge or experience in algorithmic thinking (cf. Section 2.1), often face multiple challenges 
simultaneously. For example, they are concurrently challenged by the syntactic and seman-
tic understanding of the language, as well as by algorithmic problem solving (Qian and 
Lehman 2017). Hence, programming novices must be supported in gaining a basic under-
standing of the language while learning to program the robotic system. For this purpose, 
simplified domain-specific languages (DSLs) and targeted programming and learning envi-
ronments (PLEs) exist for these systems, such as the iRobot root coding app1, or CoB-
lox (Weintrop et al. 2018).

DSLs can be tailored to the domain and provide matching abstractions to reduce program 
complexity. PLEs therefore often use DSLs and provide additional visualizations to further 
reduce complexity for novice programmers. To link or map these visualizations to matching 
pieces of code, the language (tooling) must provide additional introspection capabilities, 
such as exposing code locations or dependency information. Hence, the more information 
is provided by default in the DSL (e.g. about the dataflow), the easier it is to create map-
ping aids in the PLE. These mapping aids (e.g. Gentner 1983; Brünken et al. 2005; Fries et 
al. 2021) can then help novice users relate multiple representations, such as a coding editor 
with a code preview (Fries et al. 2021; Seufert 2019; van der Meij and de Jong 2006) and 
facilitate the understanding of the corresponding processes.

Output-directed programming (Hempel et  al. 2019; Witte and Tichy 2019) links the 
result of a computation to its inputs, making algorithmic black boxes more transparent and 
explainable to users. It can be implemented by tracking the data-flow at run-time and adding 
provenance metadata to values. This metadata can then be queried for input values that pro-
duce a desired output value, i.e., to answer the question “How do I need to change the input 

1 ​h​t​t​p​s​:​​/​/​e​d​u​​.​i​r​o​b​o​​t​.​c​o​​m​/​w​h​a​​t​-​w​e​-​​o​f​f​e​r​/​​i​r​o​b​​o​t​-​c​o​d​i​n​g
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to produce the result X instead?". Output-directed programming thus provides the necessary 
information to implement mapping aids for novices.

To address the aforementioned problems programming novices face, we developed a PLE 
for mobile robot missions with a live preview of the planned flight path and output-directed 
programming capabilities (Witte and Tichy 2019), shown in Fig. 1. The code editor uses 
Blockly on top of a minimal DSL to minimize syntactic complexity (Pasternak et al. 2017; 
Price and Barnes 2015). Two mapping aids use the output-directed programming capabili-
ties of the DSL’s runtime to help relate code blocks with their corresponding preview: 1) 
a highlighting feature allows clicking waypoints in the preview and highlights all value/
number blocks that influence the position of the waypoint, and 2) a dynamic linking feature 
to directly move waypoints in the preview and automatically change the code accordingly.

A beneficial effect for novice programmers was expected as the implemented mapping 
aids support mapping the multiple representations and make dependencies and interrela-
tions more obvious. The implemented mapping aids were selected as examples of element-
to-element and relation-to-relation mapping (Gentner 1983) as explained in Section 2.2. 
The semantic knowledge to power these mapping aids is collected at run-time by tracking 
data provenance.

In particular, we investigated whether these mapping aids support novice programmers 
in learning the semantics of a domain-specific language for a mobile robot. We focus not 

Fig. 1  PLE with output-directed programming: moving waypoints in the preview reverses the evaluation 
and changes the program accordingly. Video demo: ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​​​s​p​-​u​u​​​l​m​/​i​n​​t​e​r​a​c​t​​​i​v​e​​_​s​c​r​​i​​p​t​/​​w​i​​k​i​/​I​
n​​t​e​r​a​​c​​t​i​v​e​-​S​​c​r​i​p​t​-​D​e​m​o
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only on the semantic correctness of the resulting program, but also on the deeper learning 
processes while using our PLE.

During PLE interaction, learners use common strategies, such as organizing and elabo-
rating, as part of their learning that hint at specific cognitive and metacognitive processes. 
Process data, i.e., screenshots, save states, can be collected and analyzed for traces of such 
learning strategies related to programming (Hadwin 2021; Jeske et al. 2014). We wanted to 
further investigate how these learning strategy traces relate to the program correctness and 
the learning outcomes.

In detail, our study aimed to answer the following research questions (RQs) in the con-
text of our PLE for novice programmers: 
RQ1	 How effective are provenance-based mapping aids in increasing (semantic) pro-
gram correctness?
RQ2	 How effective are provenance-based mapping aids in improving learning 
outcomes?
RQ3	 How are the learning strategy traces and the program correctness related?
RQ4	 How are the learning strategy traces and the learning outcome related?
RQ5	 What is a typical error and how do these mapping aids help novices reduce these 
errors?
We conducted a 2x2 between-subject design study with 82 participants to gain insights into 
these different mapping aids (highlighting and dynamic linking) and their impact on per-
formance (program correctness and learning outcome) under consideration of participants’ 
prior knowledge, figural intelligence, and need for cognition. We selectively recruited par-
ticipants, who match our notion of programming novices and referred to these participants 
as novices throughout the paper.

Each participant first completed a questionnaire to measure likely influencing factors 
such as prior knowledge, figural intelligence, and need for cognition. They then remotely 
connected to the PLE to complete three novice-oriented programming tasks – creating flight 
missions for a simulated quadcopter in 3D space. Finally, a second questionnaire was used 
to assess learning outcome and cognitive load while using the PLE.

By implementing this multi-method approach, we investigated the effects of mapping 
aids on the program correctness of three different programming tasks (quadcopter missions; 
RQ1) as well as on learning outcomes (knowledge, comprehension, and application level; 
RQ2). Based on screenshots and saved data, we examined the effects of mapping aids on the 
traces of learning strategies (RQ3 & RQ4) and a typical error during programming (RQ5).

Based on our findings for RQ1 and RQ2, the highlighting mapping aid enabled nov-
ices to achieve better program correctness (mission 1: p = .008*, η2

partial = .091) while 
the dynamic linking mapping aid increased the learning outcome (comprehension: 
F (1, 75) = 5.61, p = .020*, η2

partial = .070 & application: F (1, 75) = 4.08, p = .047
*, η2

partial = .052). Overall, the best performance was found when both mapping aids 
were available. Having both mapping aids leads to a higher learning outcome than just 
the highlighting aid (papplication = .013*). Program correctness with both mapping aids is 
higher than with just dynamic linking for the first and the second mission (pmission1 = .002
*, pmission2 = .015*); and higher than with just highlighting in the second mission 
(pmission2 = .042*)). For RQ3 and RQ4, traces of learning strategies (organizing, elaborat-
ing) were positively related to both the program correctness and the learning outcome. For 
organizing, correlations were found between perspective changes in the preview and pro-
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gram correctness (r = .553, p < .001***), as well as learning outcome (r = .400, p < .001
***). For elaborating, correlations were found between task time and program correctness 
(r = .639, p < .001***) as well as learning outcome (r = .404, p < .001***). Participants 
in the group with both aids had a 5.18-times higher chance (p = .020*) of avoiding a certain 
typical implementation mistake (RQ5).

These results indicate that a combination of multiple mapping aids based on output-
directed programming can improve both program correctness and learning outcomes on 
different levels (knowledge, comprehension or application). Based on our findings, the qual-
ity of the provenance traces generated by our PLE is sufficient to increase the semantic 
understanding of the DSL and the environment. Furthermore, our findings imply that the 
presentation of additional information in the PLE, such as provenance data in the form of 
mapping aids, could have a significant influence on the underlying cognitive or psychologi-
cal processes and the learning strategies used.

The remainder of this paper is structured as follows: Section 2 summarizes the techni-
cal and psychological background and presents the PLE used in the study. The hypotheses 
derived from the related literature and research questions are given in Section 3. In Sec-
tion 4, we describe the study design, methods, and procedures in more detail. The results of 
our study are then presented in Section 5 before discussing the implications of these results, 
as well as threats to validity and related work in Sections 6 and 7. In Section 8, we conclude 
and summarize our results and give a more detailed outlook on possible future work.

2  Background

In the following, we provide some in-depth insight into the background of our work to 
make it accessible to readers from different communities. We describe the characteristics 
of novices in Section  2.1, give an overview of their cognitive processes while learning 
programming in Section 2.2, and how the learning outcome can be assessed (Section 2.3). 
Furthermore, the PLE, as the object of our study and its help features that support novice 
programmers, is introduced. We describe the technical foundation of our PLE in Section 2.4, 
the PLE itself, as it is used in our study, and the technical details of how the two mapping 
aids, the independent variables of our study, are implemented in Section 2.5.

2.1  Novice Programmers

There is no single definition of novice programmers in the literature: In most cases (e.g., 
Lister et al. 2004; Vainio and Sajaniemi 2007; Lahtinen 2007) programmers are considered 
novices if they attended up to one semester of programming courses or only have a basic 
understanding of programming. Fisher (1991) recommends clearly stating the characteris-
tics of novices to better compare studies as terms such as novice or naïve are not sufficient to 
describe the multifaceted skills and knowledge of these users. Mayer (1981) defines novices 
as “users who have had little or no previous experience with computers, ..., and who thus 
lack specific knowledge of computer programming.” (Mayer 1981, p.123).

In line with this definition, our study targets novice programmers in their effort to gain a 
basic understanding of the semantics of our programming environment and domain-specific 
language but not become professional programmers. Therefore, we consider a person a 

1 3

Page 5 of 57      7 



Empirical Software Engineering            (2026) 31:7 

programming novice if they 1) did not attend programming courses or learned to program 
for an extended period of time, 2) did not use similar programming environments before, 
and 3) used our environment only for the duration of the study. Furthermore, we measure 
and correct for differences in prior knowledge in participants in our study as detailed in 
Section 4.5.

Qian and Lehman (2017) conducted a literature review on the challenges novice pro-
grammers face: these include syntactic problems, insufficient mental models of language 
semantics, as well as problems in problem solving or applying general programming and 
debugging strategies. Among these problems in semantic understanding, tracing, i.e., simu-
lating program execution and results in one’s head, is commonly examined and identified 
as an ability that separates expert from novice users (e.g., Lister et al. 2004; Vainio and 
Sajaniemi 2007; Venables et al. 2009).

Block-based code representations, such as Blockly  (Pasternak et  al. 2017), are com-
monly used to help novice programmers achieve syntactically correct programs. Compared 
to textual interfaces, block-based robot programming interfaces improve learnability of the 
environment and reduce time on task with similar correctness of the result in a study with 
67 (adult) novices by Weintrop et al. (2018). However, the authors of the study note that the 
participants still had problems correctly positioning and manipulating the robot arm, advo-
cating for a better integration of the 3D preview with the program editor.

2.2  Cognitive Processes in Working with Multiple Representations

Multiple representations of code, e.g., as block-based code elements in the editor and as 
3D-previews of a flight trajectory, are commonly used to alleviate one or more of these 
common problems novices face. When multiple representations are included in a PLE, they 
can have different roles (Ainsworth 2014): 1) complement each other, 2) limit each other’s 
interpretation, or 3) promote deeper understanding.

In the case of interactive PLEs, i.e., PLEs that the learner can interact with or manipu-
late directly, multiple representations often take the third role, with the goal of fostering a 
deeper understanding (Rey 2011). To facilitate this, additional mapping aids are provided 
in such PLEs to help locate the corresponding information and thus simplify the mapping 
(e.g. Fries et al. 2021; van der Meij and de Jong 2006). Mapping processes can be distin-
guished into element-to-element and relation-to-relation mapping processes (Gentner 1983; 
Seufert 2019). The term element-to-element mapping refers to element-based connection, 
reflecting that novices are able to connect different components on a rather superficial level 
(Fries et al. 2021; Gentner 1983). In contrast, the term relation-to-relation mapping refers to 
the finding of similarities on the semantic level and thus requires novices to have a deeper 
understanding of the elements and processes that need to be mapped and integrated (Pat-
wardhan and Murthy 2017; Gentner 1983; Seufert 2019).

We evaluated two forms of mapping aids that help novices in our PLE: 1) highlight-
ing values that affect the selected output value as a form of element-to-element mapping 
enabled our participants to click on a waypoint to highlight all literal values that may influ-
ence its position, and 2) dynamic linking as a form of relation-to-relation mapping, which 
allowed participants to directly move waypoints through the program preview.

If enough cognitive resources are available after relating these different representations, 
processing and learning is successful and new information is integrated and linked in a 
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complex, analog mental model (Schnotz and Bannert 2003). However, working memory 
might be (over-)loaded by the presentation of many different pieces of information at the 
same time, where the connections between these pieces remain unclear (van Someren 
et  al. 1998). In particular, learners with little prior knowledge cannot manage working 
memory capacity by chunking and are particularly affected by this problem (Kozma and 
Russell 1997). Furthermore, these challenges could cause novices to use mapping aids in a 
disorganized and trial-and-error manner rather than a methodical manner (Patwardhan and 
Murthy (2017); de Jong and van Joolingen (1998)).

2.3  Performance Assessment and Learning Strategy Traces

Different cognitive sub-steps while interacting and learning in a PLE can be distinguished 
and might only become apparent when using a differentiated measurement of not only task 
performance but also learning outcome.

The performance of novices handling programming tasks (program correctness; see 
Appendix C) can be used as a criterion to evaluate how novices can be successfully sup-
ported by mapping aids (RQ1). In order to solve the tasks successfully and achieve good 
performance in program correctness, novices must develop a basic understanding of the 
language and interactions with the environment. Based on Bloom et al. (1956) the three lev-
els of learning outcome, knowledge, comprehension, and application, can be distinguished 
(RQ2). The knowledge level can be achieved simply by storing a superficial representation 
of the learning content. In contrast, users need to semantically process the information to 
succeed at the comprehension and the application level (Sobral 2021). More specifically, the 
ability to contrast different concepts or code fragments and to understand the relationship 
between two code elements represents the learning outcome at the comprehension level. 
When users have integrated the new information into the more global and analog mental 
model, they can deduce more complex consequences and interactions between the different 
components, as well as apply the concepts to different problems (Mayer et al. 2002).

Users employ learning strategies, e.g., organizing or elaboration, that influence how 
they process information (Weinstein and Underwood 1985; Mayer 1988). These strategies 
can have many forms, such as note-taking, planning, or reviewing information. However, 
self-assessment of these learning strategies is difficult and often unreliable (Weinstein and 
Underwood 1985; Winne and Jamieson-Noel 2002). Cognitive learning strategies such as 
organizing and elaborating can be derived based on learning behavior from process data 
(Hadwin 2021; Jeske et al. 2014). Hadwin et al. (2007) uses clustering and frequency analy-
sis to automatically scan the recorded process data, such as log files, for specific signs or 
traces of these learning strategies. In Fincham et al. (2018); Matcha et al. (2019), Hidden 
Markov Models (HMM) are used to identify different learning strategies in multiple streams 
of process data.

In addition, learning behavior can contain traces of metacognitive strategies, which 
can map, for example, planning or monitoring during the programming process (Hadwin 
2021; Jeske et al. 2014; Wild and Schiefele 1994). Hence, traces of certain strategies while 
working on programming tasks could already provide information about whether users use 
adequate strategies and whether they achieve a higher level of performance with these strat-
egies (RQ3 & RQ4). Furthermore, an example of a typical error can be identified that pro-
vides additional insight on the effect of the mapping aids (RQ5).

1 3
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2.4  Provenance Tracking and Output-Directed Programming

Programming environments for novices often provide a preview of the code by repeatedly 
executing or simulating the code as it is edited. Using a visualization in the form of a pre-
view might foster program understanding (Tanimoto 2013). This graphical output or output 
that has a spatial or physical dimension, e.g., visualizations of the environment, is well 
suited for the aim of liveness, i.e., allowing direct user interaction with the running program 
either by an automatic feedback loop or by manually starting a simulation.

Robot programming can profit from live programming, as the feedback loops when 
testing new code are especially long: transferring and running programs on the robot and 
observing the results is often time-consuming and might even pose safety risks to the opera-
tor (Campusano and Fabry 2017). In contrast, a live preview provides immediate feedback 
and might even incorporate data from the physical environment or a simulation to help 
identify potential errors or safety hazards. In addition, live programming features help to 
form mental models of the program as well as language semantics and can lead to more 
experimentation (Kang and Guo 2017).

Provenance traces can be used to create bidirectional linked representations, i.e., changes 
to the preview that are mapped to changes to the code that produce the desired result. The 
evaluation of the program can be reconstructed and reversed based on the recording of the 
data provenance of values (Acar et al. 2013), i.e., the origin and history of values in a pro-
gram, while rendering the preview. This is called Output-directed programming (Hempel 
et al. 2019; Witte and Tichy 2019). This process is mostly application- and domain-inde-
pendent. It was previously applied, for example, in drawing programs (Hempel et al. 2019), 
live evaluation in text editors (Breckel and Tichy 2016; Hempel and Chugh 2020), HTML 
and Markdown editors (Mayer et al. 2018). Due to tracking data flow during execution and 
zero domain knowledge, output-directed programming can be easily integrated into existing 
live programming environments but introduces some runtime overhead. Compared to static 
analysis approaches, provenance tracking can produce unexpected results in the presence of 
aliasing or changes in the dataflow.

Specifically, provenance tracking and output-directed programming can be used to 
implement multiple linked representations of code in a straightforward way (dynamic link-
ing in our PLE) or identify input values that influence the result (highlighting). Together, 
the linked graphical preview and interaction features based on output-directed programming 
form the basis of a live programming environment that helps novices by explaining relations 
or helping them interpret results.

2.5  Study Programming and Learning Environment

For our study, we adapt the programming environment by Witte and Tichy (2019) that 
implements two mapping aids based on output-directed programming: a block-based code 
editor is displayed alongside a graphical preview of the program (Fig. 1). The code editor 
uses a Lua-based DSL that is designed around a strictly imperative high-level programming 
paradigm to program quadcopter missions using only a few basic functions. To further help 
novice programmers, a Blockly-based visual program editor reduces the syntactic complexity 
of the language and encourages experimentation (Kölling et al. 2017). Each basic function 
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is represented by a puzzle block; connecting it to other pieces creates a syntactically correct 
program. A live visualization of the currently edited program is shown in a 3D preview 
in real-time, displaying waypoints and the flight path of the quadcopter. The interactive 
preview shows all waypoints and flight paths ignoring the time dimension. However, users 
can start a simulation of the quadcopter that shows an animated 3D model of the quadcopter 
executing the mission in real-time.

The language interpreter implicitly tracks the provenance of each value and provides 
the data for two mapping aids based on output-directed programming. If a quadcopter is 
instructed to fly to a certain waypoint using a moveTo block, as shown in Fig. 2a, the code 
locations/blocks and operations defining the quadcopter’s position along the x-Axis are 
known throughout the complete execution and rendering process of the preview.

Based on provenance data, two mapping aids that help novices relate both representa-
tions were implemented:

Highlighting  First, our PLE integrates a Brushing (Becker and Cleveland 1987) style 
mapping aid: selecting a waypoint in the preview highlights the corresponding values in 
the code. Although there is a wide variety of implementation and visualization variants of 
brushing and linking (Koytek et al. 2017), the highlighting feature focuses on a very basic 
visualization. It does not allow output-directed programming (since the code is not directly 
changed) but uses the same provenance information to find and highlight all changeable 
basic values, on which the selected waypoint depends. This means that for a selected way-
point, not the directly corresponding moveTo block but the values that determine its x, y, z 
position and rotation around the z-axis are highlighted (cf. Fig. 2a). As the highlighting map-
ping aid directly maps elements of the preview to code elements, it is an implementation of 
element-to-element mapping.

Dynamic Linking  The waypoints shown in the preview are movable. The provenance of 
values that place the waypoint is tracked in the DSL during the live evaluation. Using this 

Fig. 2  Realization of mapping aids in the PLE
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information, an inverse to the code evaluation is calculated, and the changed position (due 
to the waypoint being moved) is applied directly to the code. For example, changing the 
position of the preview using the green arrow in Fig. 2b along the y-Axis uses the saved 
location information associated with the value (−1  in the example) and tracks it back to its 
origin L2 (shown in red). After the preview is re-rendered, the change to the new value 2 is 
visible, giving immediate feedback to the user (Hempel et al. 2019; Witte and Tichy 2019). 
Of course, the relation between the value at the location and the changed value is often 
more complex, e.g., if the changed value is calculated from the origin value. In this case, the 
calculation is first reversed using the provenance information of the value, before the target 
value is applied. This dynamic linking mapping aid is a form of relation-to-relation map-
ping, as more comprehensive structures and their relation between representations, as well 
as the insight into underlying processes are given (Gentner 1983; Seufert 2019).

As this linking between code and preview is performed at the fundamental level of the 
programming language, no semantic knowledge of the moveTo block or the waypoints in 
the preview is needed. Any (intermediate) result of a computation in the user’s program can 
be automatically tracked back to the literal values used to compute it by analyzing and fol-
lowing its recorded history.

3  Research Hypotheses

This study and its methodology are based not only on the problem statement from the per-
spective of software engineering but also on findings from the research field of learning 
and instruction, as well as important cognitive psychology findings. In the following, we 
present our more specific hypotheses based on our research questions (RQs; Fig. 3). Our 
RQ1 and RQ2 look at the effect of the mapping aids to program correctness and learning 
outcome; traces of cognitive and metacognitive strategies in this process are considered in 
RQ3 and RQ4. Furthermore, RQ5 investigates typical errors in the different experimental 
groups. Based on the literature, we proposed more specific hypotheses (H) for each research 
question.

Fig. 3  Flow chart displaying the relevant factors and related research questions with independent vari-
ables (mapping aids), the co-variates influencing the learning of the novices programmers followed by 
different dependent variables (learning strategy traces, program correctness, learning outcome and the 
typical error) that are influenced by the setting and the individual co-variates of the learners
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RQ 1: How effective are provenance-based mapping aids at increasing (semantic)
program correctness?

In particular, we expect...

H1a a bene�cial effect of highlighting on program correctness of the quadcopter
missions

H1b a bene�cial effect of dynamic linking on program correctness of the three quad-
copter missions

H1c a synergetic effect of both mapping aids compared to a single mapping aid on
the program correctness of the different missions

Based on previous findings, we expected that by highlighting, the visual attention of 
users is guided and they can see the corresponding elements. Hence, unnecessary visual 
search is reduced and the selection processes are eased as the respective elements do not 
need further consideration to determine whether they are corresponding or not (Ozcelik 
et al. 2010; Fries et al. 2021). Relation-to-relation mapping aids (dynamic linking) support 
the users as they outline the underlying processes by showing one possible solution for the 
user-induced change in the preview by automatically altering the respective coordinates in 
the code (Seufert 2019; Mayer et al. 2018). As both highlighting and dynamic linking might 
ease the programming process, both mapping aids in combination are expected to show a 
synergetic effect (Rey 2011).

RQ 2: How effective are provenance-based mapping aids at improving learning
outcomes?

In particular, we expect...

H2a the strongest bene�cial effect of highlighting on the comprehension and appli-
cation level o�earning outcome (compared to the knowledge level o�earning
outcome)

H2b the strongest bene�cial effect of dynamic linking on the comprehension and
application level o�earning outcome (compared to the know ledge level o�earn-
ing outcome)

H2c a synergetic effect of both mapping aids compared to a single mapping aid on
the different levels o�earning outcome

Previous studies showed beneficial effects of mapping aids compared to control groups 
without additional help connecting the different representations in the PLE (Rey 2011; 
Patwardhan and Murthy 2017). Based on theoretical considerations, the mapping aids 
chosen trigger specific cognitive learning processes. Deeper understanding and learning 
are achieved, improving comprehension and application. Element-to-element mapping 
(highlighting) is assumed to simplify the finding of corresponding elements and, by this, 
the integration of the different representations (Fries et al. 2021). Furthermore, our relation-
to-relation mapping aid (dynamic linking) outlines the connection of different components 
in the PLE and the consequences of manipulating one component (the live preview) onto 
another component (the code editor). This effect is expected to reflect mainly on higher 
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levels of learning outcomes (Patwardhan and Murthy 2017). Based on the theories presented 
and previous research, it is plausible that users would benefit more from the combination 
of both mapping aids than from one mapping aid at the different levels of learning outcome 
(Patwardhan and Murthy 2017; Rey 2011).

RQ 3: How are learning strategy traces and program correctness related?

We hypothesized a positive correlation of program correctness and …

H3a cognitive organizing strategies traces (changes in the preview)
H3b cognitive elaboration strategies traces (time engaging in the task)
H3c metacognitive planning strategies traces (time before starting with the task)
H3d metacognitive monitoring strategies traces (number of started simulations)

As mentioned above, traces of cognitive and meta-cognitive learning strategies such as 
organizing and elaborating can be inferred from process data (Hadwin 2021; Jeske et al. 
2014; Wild and Schiefele 1994). Based on the literature, it is expected that purposeful inter-
action in the PLE using strategies will lead to better performance in terms of program cor-
rectness (de Jong and van Joolingen 1998; Patwardhan and Murthy 2017).

RQ 4: How are learning strategy traces and learning outcome related?

We hypothesized a positive correlation of overall learning outcome and …

H4a cognitive organizing strategies traces (changes in the preview)
H4b cognitive elaboration strategies traces (time engaging in the task)
H4c metacognitive planning strategies traces (time before starting with the task)
H4d metacognitive monitoring strategies traces (number of started simulations)

In line with the third research question that a positive effect of the strategy traces on 
the program correctness is expected, a positive effect of these strategy traces on overall 
learning success is also expected (Hadwin 2021; Wild and Schiefele 1994; Patwardhan 
and Murthy 2017).

RQ 5: What are typical errors and how do these mapping aids help novices reduce
these errors?

Based on these previous �ndings, we expected...

H5 the odds of making typical programming errors in the �rst mission to differ
between experimental groups

Our expectation was based on previous publications that analyzed the difficulties of pro-
gramming novices, and we explored the data to find a common or typical error pattern in 
the first mission (Prather et al. 2018; Patwardhan and Murthy 2017). We used data from 
the first (easiest) mission to ensure a high enough number of correct solutions across all 
experimental groups.
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4  Method

In the following section, we provide more details about the PLE including the programming 
task, the procedure (cf. Fig. 6), participants, study design, and the used questionnaires as 
well as the data preparation.

4.1  Setup of the Study PLE and its Mapping Aids

We developed an interactive online PLE by adapting the interactive script editor described 
in Witte and Tichy (2019) and previously introduced in Section 2.5. To fit the requirements 
of the study, the existing editor was modified to 1) include instructions to guide the partici-
pants through the different exercises (cf. Appendix B), 2) be accessible online and without 
installation through a web browser, and 3) implement the different experimental groups (i.e., 
enable or disable the mapping aids) and collect process data (screenshots, save states) to 
document participants’ solution progress.

The PLE includes different views to display the code for the virtual quadcopter using a 
block-based editor, and a 3D preview of the planned flight trajectory. In addition, instruc-
tions for the programming exercises are displayed alongside the environment (Fig. 4).

On the left side of the PLE, the Blockly-based visual code editor (Pasternak et al. 2017) 
for a domain-specific language to define quadcopter missions was shown. This presentation 
format allowed the users to create their code through graphical manipulation as it repre-
sented program primitives, e.g., values, statements, and expressions, as interlocking blocks. 
New program blocks can be dragged from a library into the program canvas. Additionally, 
the program output was shown in a live console below, allowing users to print and inspect 
values during development, as well as during simulation execution. In the center, an interac-
tive 3D preview of the planned mission of the quadcopter was displayed. Users were able 
to choose their perspective for the Cartesian coordinate system. To facilitate orientation in 
this preview, a grid on the ground plane, the origin and colored indicators along the x,y, and 

Fig. 4  Online PLE as seen by a participant of the study: code editor (left), 3D preview (center), and in-
struction PDF (right)
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z-axis were shown. Three colored objects that could be dragged in the 3D view could be 
used as reference points, and their pose could be queried in the code. The quadcopter pose at 
each waypoint in the code was displayed in this preview, with lines connecting subsequent 
waypoints. By pressing the button "run script", a simulated quadcopter could be observed, 
while flying along the planned trajectory.

In the control group, only the 3D preview of the planned flight trajectory without any 
mapping aids was available. Users in the other groups could use one or both of the afore-
mentioned mapping aids (cf. Section 2.5), resulting in four total groups: no mapping aids, 
only highlighting, only dynamic linking, and both mapping aids.

The study was conducted remotely on the participants’ personal computers. To avoid 
complicated installation procedures, the PLE was executed on a server with a browser-based 
remote connection tool that displays the application in the browser window and sends inputs 
to the server. Inevitably, this introduces the risk of connection losses, as well as latency 
issues causing delayed reaction to input. In our testing and through questionnaire items ask-
ing for any technical issues during the study, we found that these issues affecting only a few 
participants. If the connection was lost, the page could simply be reloaded with no progress 
lost as the application still ran on the server. Furthermore, running the application on the 
server helps controlling the PLE: the application had a fixed resolution that was scaled to 
the participant’s window size, ensuring that each participant had a similar viewport and 
performance. Screenshots of the PLE were automatically made without the risk of capturing 
private data on the participant’s personal computer or requiring the installation of poten-
tially intrusive software on the client computer to do so.

On the server, the full ROS2 environment, needed to run rViz, rqt (including the interac-
tive_script plugin (Witte and Tichy 2019)), and the quadcopter simulation, was executed 
in a docker container3 accepting remote connections through vnc. In order to reduce the 
complexity of the server infrastructure, only a single instance without scaling for supporting 
multiple concurrent users was used; therefore only one participant at a time participated in 
the study.

4.2  Programming Tasks – Quadcopter Missions

In the accompanying instruction PDF, users were asked to implement three different quad-
copter missions of increasing complexity, which involved planning three flight trajectories 
(see Appendix B).

Consistent with our notion of novice (Section 2.1), these missions might seem trivial to 
any experienced programmer but introduce several concepts like loops, variables, and val-
ues calculated at run time. Due to the short time frame to solve the exercises, the developed 
programs are very short and lack more advanced concepts to structure code such as func-
tions, complex data structures, or complex control flow. However, these concepts would 
require more experienced participants or multiple training sessions.

2 Robot Operating System, https://ros.org/.
3 https://www.docker.com/. The PLE container is available on our github page at ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​s​p​​-​u​u​l​m​​
/​i​n​t​e​​r​a​c​t​i​v​​e​_​s​c​​r​i​p​t​/​​r​e​l​e​a​​s​e​s​/​t​a​​g​/​S​t​​u​d​y​P​L​E.
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Quadcopter Missions (M)

M 1 Simple square: placing four waypoints in a square shape with the quadcopter
facing towards the center in each.

M 2 Commute between objects: the quadcopter �ies between two waypoints dynam-
ically de�ned by the position of two movable objects.

M 3 Dynamic square: Combining elements of the �rst two missions by calculating
the square’s size depending on the position of the movable objects.

The solutions for each quadcopter mission is shown in Fig. 5.
To ensure that the learners are able to use the PLE, as well as to ensure that they under-

stand the instruction, we consulted two experts and had three test participants for a pilot 
run. Based on these findings, we removed some smaller bugs in the PLE and added more 
details to the description. In addition, we added some hints to reduce the initial program-
ming barrier. This was done by adding eight additional hints about programming in general. 
For instance, users were advised to divide one challenging task into easier sub-tasks to solve 
the missions. Qian and Lehman (2017) identify three major clusters of problems novice 
users face: to help participants focus on the semantic understanding of the language and 
environment, the syntactic complexity is reduced by using a block-based language and the 

Fig. 5  Possible solutions for each of the 3 exercises, that the participants had to implement. Images from 
Witte (2024)

 

1 3

Page 15 of 57      7 



Empirical Software Engineering            (2026) 31:7 

difficulties in problem solving are reduced by providing hints and steps to solve the problem 
for each mission.

Furthermore, a short explanation of the different components of the interactive PLE was 
included. Users were informed about the mapping aids available depending on their experi-
mental conditions. Before starting the first mission, users had to simply recreate a given 
example (see Fig. 6). This example enabled users to get to know the interactive PLE and 
asked them to try out the mapping aids if available.

4.3  Procedure

At the beginning of the online study, an overview of the study, as well as informed consent 
was presented to the participant using an online pre-questionnaire (see Fig. 6). The partici-
pants were aware that they could withdraw the study and the related data at any point in the 
study without any disadvantage. The pre-questionnaire started with demographic questions, 
and the pre-test included the prior knowledge questions. At the end of the pre-questionnaire, 
a link was included to log into the interactive PLE to program the three quadcopter mis-
sions. After finishing the three programming tasks, users completed a post-questionnaire 
that included the post-test learning outcome questionnaire and the opportunity to give feed-
back on the provided mapping aids (if these were available). At the end of the study, they 
were able to comment on the study and report technical problems during the study. In a 
separate online survey, they were able to leave their personal information to receive their 
compensation (a voucher). In total, the study took about 1.5 hours.

4.4  Participants and Study Design

The sample needed to investigate the effects of the chosen mapping aids was estimated 
based on an a priori power analysis using G*Power version 3.1.9.4 (Faul et al. 2009). The 
potential effect size of the chosen mapping aids was calculated based on the results reported 
by van der Meij and de Jong (2006) with f2(V ) = .10 (medium effect size, Cohen, 2013); 

Fig. 6  Elements of the study: questionnaires and programming exercises
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α = .05; power (1 − β) = 0.9. By this, we determined the minimum number of participants 
required with N = 91. The main study was conducted after a pilot phase that included 
feedback from 2 participants. Initially, 93 participants, who were mainly university students 
in psychology, participated in our online study. Because of technical problems (connection 
problems to the PLE, data recording), we excluded eleven participants from the further 
analysis. The remaining N = 82 participants (26.50% male) were between 19 and 39 years 
old. (Mage = 25.02; SDage = 4.04). We applied a 2x2 between-subject design randomly 
assigning the participants to one of the four different design options: with highlights and 
dynamic linking (n = 20), with dynamic linking (n = 21), with highlights (n = 22) and the 
control group (n = 19). As a dependent variable, the program correctness of three quadcop-
ter mission tasks was assessed. Additionally, the learning outcome was measured on three 
different levels: knowledge, comprehension, and application. While participants were work-
ing on the programming tasks, screenshots of the PLE were automatically taken every five 
seconds to track progress and gain insight into the problem solving process. The program 
code and layout were automatically saved with a timestamp after each change. In addition, 
participants could create manual save files and were instructed to do so after every exer-
cise. This allowed further insights into strategies and a typical error. The study was part of 
a larger research project and this paper focuses on the aforementioned research questions. 
Figure 6 gives an overview of the sequence of the study, the contents of the pre-and post-
questionnaires, and the measured variables.

4.5  Questionnaires

In an online pre-questionnaire, participants were asked about their gender, age, educational 
level, field of study, and any prior experiences with programming and specific programming 
languages. To gain further insights into their domain-specific prior knowledge, we devel-
oped eight questions about basic concepts of programming and relevant concepts for the 
programming missions. A pre-test included four knowledge questions to measure domain-
specific prior knowledge: In addition to three basic definitions of the terms GUI, debug-
ging, and logical operators, users also had to name a waypoint in the coordinate system. 
Another four questions were created (e.g. ‘Name one major difference between dynamically 
and statically typed programming languages.’) to capture a more in-depth understanding 
of programming concepts. To ensure good quality of measurement of prior knowledge, we 
analyzed the inter-rater reliability, which revealed very high consistency between the two 
ratings of the independent raters (r = .993, p < .001, CI95% = .989 − .995).

To measure users’ need for cognition, we used the German version of the short scale 
for the need for cognition (Beißert et  al. 2014). The users had to rate four items (e.g., 
‘I like my life to be full of tricky tasks that I have to solve.’) on a seven-point Likert-
scale. In line with the published retest-reliability of r = .78, the scale was assumed to 
be reliable (Beißert et  al. 2014). In our sample, we determined a McDonald’s omega of 
ω = .731 (CI95% = .640 − .823), which was acceptable.

We included a measurement for fluid intelligence, as both spatial ability and general logi-
cal ability are relevant to interacting with the PLE, as well as learning the relevant concepts. 
We used the figural module of BEFKI 11+ that includes 16 items (Schipolowski et al. 2017). 
Dimitrov’s scale reliability for the published sample is ρ = .81 (total scale gf where the 
figural model is a part in; Schipolowski et al. 2017).
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We developed a post-test to measure learning outcomes, which consisted of nine ques-
tions on the three levels (knowledge,comprehension,application,  Bloom et al.  1956). To 
measure the learning outcome on the knowledge level, three multiple choice questions 
were developed (e.g., ‘Which statements about variables are correct? a) Only numbers 
and words can be assigned as values. b) A variable can be assigned multiple times. c) A 
variable can always be used instead of the value assigned to it. d) The value of a variable 
is unchangeable.’). For the comprehension level, two open questions were included (e.g., 
‘Name a basic difference between the pose block and the wait block.’). The second compre-
hension question included three short programming sequences and their effects on the flying 
trajectory should be described. For application, we developed four questions. Two questions 
referred to finding of bugs in a given code. In the other two questions, users needed to map 
the corresponding code and preview as well as describe the change in the code based on two 
different simulation results in the preview. The questions of the post-test aimed to examine 
different aspects of the learning content. Different questions referred to different concepts 
and processes. Hence, we expected no high internal consistency of the different questions. 
To ensure that the learning outcome was measured in a rigorous way, we analyzed the inter-
rater reliability, which revealed a very high consistency between the two ratings (r = .999, 
p < .001, CI95% = .998 − .999).

As the study was part of a larger research project, the cognitive load of novices was mea-
sured and a subjective assessment of it was made, but is not further reported in this paper 
(see Appendix A).

4.6  Learning Process Data and Program Correctness

We analyzed traces that might hint to certain underlying (cognitive or meta-cognitive) learn-
ing strategies to gain deeper insights into the approaches novices used to program the quad-
copter mission, based on process data(Hadwin et al. 2007; Patwardhan and Murthy 2017; 
Wild and Schiefele 1994). In line with previous publications (e.g. Matcha et al. 2019; Fin-
cham et al. 2018), we defined certain indicators for traces of different learning strategies.

As cognitive learning strategies, organizing and elaboration were considered. For orga-
nizing, it is assumed that novices worked with the preview to comprehend the structure 
of the code without changing the code. For example, perspective changes were recorded 
here, or scaling of the preview (zoom-in(-out)). To capture this, a threshold of 30 seconds 
was set in which no code changes took place, but the preview had to be changed. To assess 
elaboration in the PLE, the time during which novices were (actively) engaged in the task 
was considered.

For meta-cognitive learning strategies, planning and monitoring were considered. The 
planning phase was measured as the time (after completion of a task) until the start of the 
(next) task. For monitoring, the number of simulation runs in the preview was chosen as 
the metric.

Based on the manual save files and the screenshots at the end of each quadcopter mission, 
each novice’s solution was graded. The solution of each task was critically examined by 
two experts on the basis of a specific grading scheme (Appendix C). This allowed for the 
objective assignment of points for the solution (program correctness) of each mission. In 
addition, the solution scheme allowed for the identification of typical errors in the tasks. 
An exploratory approach was used to collect similar errors in the solutions of different 
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participants in all experimental groups. The identified typical errors were then located in the 
process data (screenshots) of all participants.

4.7  Data Preparation

The online questionnaires were presented using the Unipark tool. We prepared and ana-
lyzed the data using R 4.1.0. Process data were analyzed both automatically and by using a 
specific labeling tool developed for this use case: consecutive unchanged screenshots were 
automatically filtered out to reduce redundant data. The timestamps of automatic saves and 
screenshots were then used to automatically classify user activity (e.g., changing the pro-
gram, using the preview) and calculate metrics, such as time and duration of user activity. 
Then, the start and end of programming exercises, as well as usage of the mapping aids and 
simulation runs, were manually labeled using a custom labeling tool on screenshots and 
saved programs. A weighted mean of the prior knowledge test and the learning outcome 
scores were calculated for each user, which was based on the rating of two raters. For figural 
intelligence and need for cognition, the scores were calculated using the published solution 
schemes (Beißert et al. 2014; Schipolowski et al. 2017). Furthermore, we checked for outli-
ers and whether assumptions for parametric testing were met (normal distribution, homo-
geneity of variances, and covariances). To ensure high testing power for the analysis of our 
hypothesis and to avoid accumulation of alpha error, we used MANOVAs or MANCOVAs. 
In addition, we used contrasts to analyze our hypotheses. Due to this, we were not relying 
on less powerful post-hoc testing (Field 2013).

Table 1 summarizes all the data collected during the study and their usage to answer our 
research questions.

5  Results

5.1  Descriptive Results and Assumption Testing

The domain-specific prior knowledge of the learners was medium, in accordance with the 
idea that our sample contains novices in programming (see Table  2). For figural intelli-
gence, we found medium values in all four experimental conditions (see Table 2). To ensure 
that there were no systematic differences between experimental groups, we conducted a 

Table 1  Overview of collected study data, scales and questionnaires used and its usage
Data Collected Scale/Details Function
Pre-Questionnaire
 Prior knowledge Appendix D.1 }

Covariates (RQ1 − 4) Figural knowledge Schipolowski et al. (2017)
 Need for cognition Beißert et al. (2014)
Practical Exercises (Mission 1–3)
 Manual save files }

Appendix C, Section 4.7
} Program Correctness (RQ1, 3) ,

Strategy Traces (RQ3, 4) ,
Typical Errors (RQ5) Automatic save files

 Screenshots
Post-Questionnaire
 Learning test Appendix D.3 Learning Outcome (RQ2,4)
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MANOVA that included prior knowledge, figural intelligence and need for cognition. Tak-
ing into account learners’ preconditions, no significant differences could be found between 
the experimental groups (F < 1, p > .454). Furthermore, a multivariate normal distribution 
was tested, but not found for all critical variables for each experimental group. Conduct-
ing parametric MANCOVA is still assumed to be robust and favorable compared to non-
parametric testing based on the recommendations of Finch (2005). The homogeneity of the 
variance was supported by the Levene-Test (p > .062). The homogeneity of the covariances 
was checked using the Box-Test, based on which homogeneity was assumed (p > .868). As 
both program correctness and learning outcome were claimed to be performance measures, 
a positive relationship between these two concepts was expected. In line with this, we found 
a strong positive correlation r = .71 (p < .001***) between program correctness and learn-
ing outcome.

5.2  Inferential Testing

We conducted a MANCOVA including the different experimental groups represented by 
the two factors highlighting and dynamic linking to analyze our hypotheses concerning the 
main effect of the mapping aids. We chose prior knowledge, figural intelligence, and need 
for cognition as covariates. As dependent variables, we included the program correctness of 

No 
support

Highlights Dynamic 
linking

Both  
mapping aids

n = 19 n = 22 n = 21 n = 20
M (SD) M (SD) M (SD) M (SD)

Novices’ charac-
teristics in %
Prior knowledge 43.37 

(19.92)
37.50 
(19.92)

38.19 
(18.60)

45.99 
(20.78)

Figural 
knowledge

55.40 
(17.50)

57.20 
(18.10)

58.80 
(17.20)

54.80 
(10.80)

Need for 
cognition

66.35 
(17.91)

61.53 
(19.28)

64.29 
(16.56)

66.43 
(15.26)

Dependent Vari-
ables in %
Program 
correctness
Mission 1 76.32 

(19.50)
79.55 
(17.01)

72.22 
(15.21)

90.00 
(13.68)

Mission 2 67.54 
(33.09)

64.39 
(24.83)

62.70 
(23.51)

85.00 
(20.16)

Mission 3 26.75 
(39.14)

27.27 
(41.96)

33.33 
(39.44)

54.17 
(46.48)

Learning 
outcome
Knowledge 66.23 

(18.94)
62.88 
(22.96)

67.46 
(20.40)

71.67 
(23.32)

Comprehension 29.39 
(33.55)

32.67 
(23.77)

41.27 
(27.40)

46.98 
(25.55)

Application 49.67 
(31.63)

42.61 
(33.33)

51.79 
(26.01)

66.88 
(26.99)

Table 2  Means and standard 
deviations of the experimen-
tal groups on different vari-
ables without considering the 
covariates
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the three quadcopter missions (RQ1) and all three levels of learning outcome (knowledge, 
comprehension, application; RQ2). To test our hypotheses, we included simple contrasts 
for each mapping aid (highlights, dynamic linking). For analyzing the synergetic effect, we 
additionally included contrasts comparing the three experimental conditions with mapping 
aids. To analyze our hypothesis concerning the relationship between learning strategy traces 
and performance, a bivariate correlation was utilized (RQ3 & RQ4). In addition, we looked 
into the collected process data. We calculated a logistic regression to gain insight into the 
probability of an exemplary typical error (RQ5).

5.3  Effects on Program Correctness (RQ1)

As both mapping aids showed interrelations between the different parts of the interactive 
PLE, we expected that both mapping aids would have a beneficial effect. As mentioned, we 
used the results of the conducted MANCOVA including the contrasts for each mapping aid 
and the program correctness of all three quadcopter missions, to analyze our hypotheses.

We expected a beneficial effect of highlighting on program correctness (H1a). Based on 
the descriptive means of program correctness in all three tasks, the means were higher in the 
experimental groups with highlighting in missions 1 and 2 (represented by the bars of the 
group with highlighting and both mapping aids in Fig. 7).

Based on the MANCOVA, a significant beneficial effect was only found in the first mis-
sion (mission 1: p = .008*, η2

partial = .091) but not for the following missions (mission 2: 
p = .112, η2

partial = .033; mission 3: p = .252, η2
partial = .017). Thus, our hypothesis was 

only partially supported by the data (H1a).

Additionally, we expected a beneficial effect of dynamic linking on correctly solving the 
programming tasks (H1b). Based on descriptive means, no substantial difference was found 
in the first task between the groups with and without dynamic linking. Descriptively, higher 
means were given in the groups with dynamic linking (shown by the bars of dynamic link-
ing and both mapping aids in Fig. 7) compared to the groups without dynamic linking in the 
second and third tasks.

We found no significant beneficial effect for dynamic linking on solving the three tasks 
(mission 1: p = .636, η2

partial < .003; mission 2: p = .355, η2
partial = .012; mission 3: 

p = .171, η2
partial = .025). Based on these findings, our hypothesis was not supported 

(H1b).

Fig. 7  Means and standard error (CI = 95%) of the program correctness (in %) of the three quadcopter 
missions depending on the experimental group
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When both mapping aids were combined, the descriptive values suggest that this made 
quadcopter mission programming easier compared to using just one mapping aid (synergetic 
effect, H1c). In addition to the reported results of the MANCOVA (see Table 3), we analyzed 
the differences between the groups with mapping aids with respective contrasts, to gain 
insight into whether the combined (synergietic) mapping aid (dynamic linking & highlight-
ing) results in a significantly higher performance compared to single mapping aids (dynamic 
linking or highlighting). We found a significant beneficial synergetic effect for both map-
ping aids compared to dynamic linking for the first and second mission (pmission1 = .002
*, pmission2 = .015*) but not for the third mission (pmission3 = .135). Furthermore, we 
found a beneficial synergetic effect for both mapping aids compared to highlighting for the 
second mission (pmission2 = .042*) but not for the first or third mission (pmission1 = .095, 
pmission3 = .099).

Hence, hypothesis (H1c) was partially supported by the data.

5.4  Effects of Highlighting and Dynamic Linking on Learning Outcomes (RQ2)

We expected to find stronger beneficial effects of highlighting on the comprehension and on 
the application level of learning outcome compared to the knowledge level (H2a). Descrip-
tively, we found higher means for the comprehension and the application level in the experi-
mental group with highlighting compared to the control group, while the knowledge level 
merely differed (see Fig. 8). Based on our MANCOVA, we found no significant main effect 
of highlighting on the three levels of learning outcome (p > .265, see Table 3). Thus, our 
hypothesis was not supported by the data (H2a).

In our next hypothesis, we expected the strongest beneficial effect of dynamic linking 
on the comprehension and on the application level (H2b). Descriptively, in the groups with 
dynamic linking, the means of all levels of learning outcome were higher compared to the 
groups without dynamic linking. We found a significant main effect of dynamic linking on 
the comprehension level of learning outcome F (1, 75) = 5.61, p = .020*) with a medium 
effect size (η2

partial = .070) and a significant effect on application (F (1, 75) = 4.08, 
p = .047*, η2

partial = .052): There were no significant beneficial effects of dynamic linking 
on the knowledge level (p = .450, η2

partial = .008). Hence, our hypothesis was supported 
by the given data, as the strongest effect of dynamic linking was found for the comprehen-
sion and application level (H2b).

When comparing the different mapping aids for their beneficial effect on different learn-
ing outcomes (H2c), the descriptive pattern implied stronger beneficial effects of both map-
ping aids compared to a single one (see Fig.  8). For testing hypothesis H1c, we used a 
contrast analysis to complement the MANCOVA results and to allow insight into the spe-
cific differences between the groups with mapping aids.

In our hypothesis, we assumed a synergetic effect of both mapping aids compared to a 
single mapping aid on the different levels of learning outcome (H2c). Based on our MAN-
COVA contrast analysis, we found a significant beneficial synergetic effect for both map-
ping aids compared to highlighting on the application level (papplication = .013), only 
(pknowledge = .317, pcomprehension = .068, see Fig. 8).
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A comparison of both mapping aids and dynamic linking did not reveal significant differ-
ences (pknowledge = .678, pcomprehension = .335, papplication=.074). Hence, our hypoth-
esis (H2c) was only partially supported by the data.

F(1, 75) p η2
partial

Knowledge Highlights 0.01 .940 < .001
Dynamic linking 0.58 .450 .008
Dynamic linking ∗ 
highlights

0.44 .507 .006

Prior knowledge 0.93 .338 .012
Figural intelligence 49.0 .486 .006
Need for cognition 0.03 .872 < .001

Comprehension Highlights 1.26 .265 .017
Dynamic linking 5.61 .020 .070
Dynamic linking ∗ 
highlights

0.08 .782 .001

Prior knowledge 0.10 .752 .001
Figural intelligence 0.36 .552 .005
Need for cognition 1.19 .279 .016

Application Highlights 1.00 .321 .013
Dynamic linking 4.08 .047 .052
Dynamic linking ∗ 
highlights

2.55 .114 .033

Prior knowledge 0.97 .327 .013
Figural intelligence 4.21 .044 .053
Need for cognition 11.5 .001 .133

Program 
correctness

Highlights 7.47 .008 .091

mission 1 Dynamic linking 0.23 .636 .003
Dynamic linking ∗ 
highlights

3.64 .600 .046

Prior knowledge 0.00 .994 < .001
Figural intelligence 0.44 .511 .006
Need for cognition 3.72 .058 .047

Program 
correctness

Highlights 2.59 .112 .033

mission 2 Dynamic linking 0.94 .335 .012
Dynamic linking ∗ 
highlights

3.83 .054 .049

Prior knowledge 1.13 .291 .015
Figural intelligence 0.41 .525 .005
Need for cognition 6.93 .010 .085

Program 
correctness

Highlights 1.34 .252 .017

mission 3 Dynamic linking 1.91 .171 .025
Dynamic linking ∗ 
highlights

0.99 .324 .013

Prior knowledge 2.70 .104 .035
Figural intelligence 6.34 .014 .078
Need for cognition 3.37 .070 .043

Table 3  Results of the between-
subject effects of the MAN-
COVA with the different levels 
of learning outcome, program 
correctness, simple contrasts for 
element-to-element mapping 
aid (highlights), and relation-to-
relation mapping aid (dynamic 
linking), with learners’ figural 
intelligence, prior knowledge 
and need for cognition as covari-
ates measured in the pretest to 
control for participants cognitive 
characteristics
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5.5  Correlation of Learning Strategy Traces & Program Correctness (RQ3)

Having a closer look at the learning behavior while programming the quadcopter mission, 
traces of cognitive (organizing, elaborating) and meta-cognitive (planning, monitoring) 
learning strategies were analyzed. We expected the traces to be positively correlated with 
the overall program correctness.

First, we analyzed the traces of the cognitive learning strategies. Based on scatter plot 
inspection, we found the expected pattern of organizing (indicated by interacting only with 
the graphical preview) and program correctness. We found a medium, positive correlation 
(r = .553, p < .001***, see Fig. 9).

Thus, our hypothesis (H3a) was supported. Inspecting the descriptive pattern of elaborat-
ing (trace indicated by overall time in the PLE), a positive relation with program correctness 
was expected. In line with our hypothesis (H3b), we revealed a strong positive correlation 
between elaboration and program correctness (r = .639 p < .001***). Having a look at 
the traces of meta-cognitive learning strategies, based on visual inspection, a positive rela-
tionship between planning (indicated by the time before starting the tasks) and program 

Fig. 9  Scatter plot displaying the relationship between traces of cognitive learning strategies and overall 
program correctness

 

Fig. 8  Effects of mapping aids on comprehension (left) and application level (right) of learning outcome 
measured after finishing the quadcopter missions in the PLE under consideration of the covariates dis-
playing means and standard errors (CI = 95%))
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correctness was not supported by the data. In line with this, no significant correlation was 
found (r = −.163, p = .214) and the hypothesis (H3c) was not supported by the data. For 
monitoring (indicated by starting the simulation in the preview), we found the pattern fitting 
to our hypothesized relation with program correctness. However, we did not find a signifi-
cant correlation between monitoring and program correctness (r = .234, p = .056; H3d).

5.6  Relation of Learning Traces and Learning Outcome (RQ4)

We expected that the traces of cognitive and meta-cognitive learning strategies are posi-
tively related to overall learning outcomes. In line with the positive descriptive trend, we 
found a medium, positive correlation between traces of organizing and overall learning 
outcome (r = .400, p < .001***, see Fig. 10). Thus, our hypothesis (H4a) was supported.

Inspecting the descriptive pattern of elaborating, a positive relation with learning out-
comes was expected. In line with this, the findings related to our hypothesis (H4b) revealed 
a medium positive correlation between elaboration and overall learning outcome (r = .404, 
p < .001***, see Fig. 10 ). Having a look at the traces of meta-cognitive learning strategies, 
again (see RQ3) a positive relationship between planning and program correctness was not 
supported by the data. In line with this, no significant correlation was found for monitoring 
(rmonitoring = .169, p = .170) nor planning (rplanning = −.013, p = .924). Thus, these 
hypotheses were not supported by our findings (H4c & H4d).

5.7  A Typical Error (RQ5)

In order to receive further insights into the novice’s handling of the programming mis-
sions, we analyzed process data. This method provided further insight into the sources of a 
typical error and which mistakes were typically made. We focused our analysis on the first 
quadcopter mission to 1) reduce the very large data set to a manageable size, using a task 
that has a single correct solution without much variance and 2) avoid bias due to uneven 
representation of the different experimental groups. Although nearly all participants man-
aged to create a reasonable solution for the first (easiest) mission, fewer participants without 

Fig. 10  Scatter plot displaying the relationship between traces of cognitive learning strategies and overall 
learning outcome
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mapping aids were able to do so for the more difficult missions 2 and 3. We used the solution 
scheme (see Appendix C) to find examples of typical errors. To achieve a maximum score 
of 6 points, the following criteria had to be met: Creation of four different waypoints; these 
waypoints form a square; angles of the quadcopters were manipulated at least once; angles 
of the quadcopters were correctly adjusted as desired in the task; the quadcopter flies; each 
“moveTo” is followed by ’wait’ or ’sleep’.

In the first mission, setting the angle of the drones proved to be a typical source of error. 
Descriptively, it was found that about 57% (n = 47) of the participants did not set the angle 
correctly and the distribution seemed to differ between the experimental groups.

Therefore, this typical error was analyzed in more detail as an example. We performed 
a logistic regression including covariates (see Table 4) to test whether the mapping aids 
offered had an effect on the performance in setting the correct angle. Based on our regres-
sion, participants with both mapping aids had a 5.18-times higher chance (p = .020*) of 
having set the angle correctly in the first task compared to the control group. Hence, our 
hypothesis (H5) was supported for this exemplary typical error. Further details on other 
typical errors are included in the Appendix E.

6  Discussion

The effect of mapping aids was considered based on a multi-method assessment approach. 
By this, we gained further insight into different aspects of potential benefits from the 
respective mapping aids. A first look at the descriptive data shows that a very differentiated 
approach is needed here to assess the positive effects of the individual support conditions 
and their combination: The support conditions provided did not help to improve the per-
formance per se. In some cases, we see slightly decreased performance compared to the 
control group without help. This could be due to individual differences, additional load, or 
inferences as the support conditions offered could be in conflict with the existing learning 
strategy or solution patterns (e.g. Ruttun and Macredie  2012; Pavlova 2024).

6.1  Mapping Aids and Program Correctness (RQ1)

We expected a beneficial effect of the two mapping aids on program correctness. In contrast 
to our initial expectation, only highlighting increased performance for programming the first 

Table 4  Coefficients of the logistic regression predicting the chance of correct angle in mission 1 considering 
the effect of experimental groups (1-3) against the control group (4) with figural intelligence, need for cogni-
tion, and prior knowledge as covariates

Wald Test
Estimate SE Odds Ratio z Waldχ2 df p

(Intercept) −2.387 1.427 0.092 −1.673 2.799 1 .094
Figural intelligence 0.418 1.509 1.519 0.277 0.077 1 .782
Need for cognition 0.013 0.015 1.013 0.859 0.738 1 .390
Prior knowledge 0.011 0.013 1.011 0.843 0.710 1 .399
Dyn. linking * highlights (1) 1.645 0.706 5.181 2.330 5.429 1 .020
Dynamic linking (2) −0.077 0.704 0.926 −0.109 0.012 1 .913
Highlights (3) 0.537 0.675 1.711 0.796 0.634 1 .426
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mission, but no significant beneficial effects were found for dynamic linking. Additionally, 
the assumed synergistic effect was only found when comparing both mapping aids against 
dynamic linking (first and second missions) and highlighting (second mission).

Despite the fact that a positive effect of dynamic linking and combined mapping aids 
compared to single-help conditions is theoretically plausible based on cognitive processes, 
previous empirical studies describe similar findings as in our study (e.g. Rey 2011). With 
respect to the underlying cognitive processes, plausible reasons for the lack of a positive 
effect of dynamic linking can be described in addition to the specific application-related 
conclusions: An additional load on working memory due to the presentation and use of the 
aids could occur and result in lower performance (Lowe 1996; Sweller 2020). Reflecting 
on this, Rey (2011) concluded, based on theoretical inferences and heterogeneous empiri-
cal findings, that dynamic linking is not per se advantageous or disadvantageous, but that 
the specific implementation also plays an important role. Additionally, Seal et al. (2010) 
described that interactive elements could support users depending on the given task and 
emphasized that mapping aids might cause additional strains while learning. The three 
quadcopter missions had different levels of difficulty: While mission 1 only required the 
extension of the given code example, the subsequent missions contained further code ele-
ments and calculations that were not explicitly included in the example. The question now is 
whether certain aids or their combination are particularly advantageous for different partial 
solutions of the given missions. This question was examined in RQ5 based on the example 
of a typical error (see Section 6.4). In addition, the question arises as to what effect the map-
ping aids have at the learning level and whether, for example, they particularly support the 
comprehension and application of what has been learned. This was examined in more detail 
in the next research question.

6.2  Mapping Aids and Learning Outcome (RQ2)

Based on our hypotheses, we expected a beneficial effect of the two mapping aids on higher 
levels of learning outcomes. Beneficial effects were found for dynamic linking on compre-
hension and application level of learning outcome, but not for highlighting. A comparison 
of single aids with the combined condition revealed beneficial effects for adding dynamic 
linking at the application level.

Based on these findings, different conclusions can be drawn: (i) the knowledge level of 
learning outcome was not affected by the mapping aids or their combination. This was in 
line with our expectation as these mapping aids facilitated the integration of elements and 
processes in the PLE and not, in particular, the sub-semantic processing of the different 
components (Patwardhan and Murthy 2017; Fries et  al. 2021). (ii) Beneficial effects on 
learning outcomes were found for dynamic linking for both comprehension and applica-
tion while highlighting did not significantly increase the learning outcome. This was not 
in line with our initial expectations. However, a heterogeneous pattern for the effects of 
mapping aids can be described by a closer look at previous findings. In contrast to the 
advantages described, there are also studies (e.g. van der Meij and de Jong 2006) that do 
not describe the beneficial effects of mapping aids. Based on theoretical considerations, 
plausible explanations for these findings exist: When using highlights, novices are passively 
pointed to connections and no longer actively reflect on them, so deeper learning does not 
occur (Ainsworth 1999; Seufert and Brünken 2006). Providing highlights in combination 
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with a very specific task could, for example, encourage the use of means-end strategies 
(Erhel and Jamet 2019).

Identifying, e.g., two related elements, including their interaction, is particularly central 
to the level of understanding. This could be a possible explanation for why the highlight-
ing was rather less helpful in answering the questions on the comprehension level, since no 
emphasis was placed on the underlying process, but only on the corresponding elements. 
In order to understand this finding more deeply, future studies should include further mea-
surements for the development of mental models in order to better differentiate further sub-
processes of information processing (for details see (Vogt 2021)). This will provide more 
precise information on the effects of highlights on cognitive processes.

For dynamic linking, novices received hints about connections between code and output. 
However, to maximize learning outcomes, they still needed to reflect on the relationships 
between the respective components, even though highlighting had already made these con-
nections explicit (Gentner 1983). (iii) This is also reflected in the finding that sometimes 
the synergistic effect of both mapping aids on learning outcome was found, compared with 
the single aid conditions: novices were stimulated by adding dynamic linking to process the 
learning content more deeply, which was reflected in synergistic effects at the application 
level when comparing both mapping aids.

6.3  Traces of Learning Strategies and Performance (RQ3 & RQ4)

When analyzing the relationship between learning strategies and performance, it was found 
that only the traces of cognitive strategies were positively related to performance (program 
correctness and learning outcome). In contrast, these relationships with performance could 
not be found for the meta-cognitive strategies traces.

Reflecting critically on these findings, the following explanations can be found: Although 
the selected indicators or traces can be assigned to specific learning strategies, there are also 
other possible indicators (Roll and Winne 2015). Based on our findings, meta-cognitive 
strategy traces were not related to performance. In our study, planning was traced by the 
time before the start of programming each mission. However, it cannot be ruled out that 
novices also planned during the tasks. Hence, our findings reflect one general challenge in 
dealing with process data and deducing intentions or strategies based on behavioral traces 
(Malmberg et al. 2017).

In addition, the instructions for the missions were already transparently divided into 
sub-steps or sub-problems to support novices, making part of the structuring and planning 
process explicit. Consequently, it is plausible that planning in this specific case may not be 
strongly correlated with performance, as the task instructions already facilitated this aspect. 
Therefore, the operationalization of the meta-cognitive strategy trace, as well as the meta-
cognitive strategies employed during the programming tasks, should be reconsidered in 
future studies.

In contrast, traces of monitoring showed a descriptive trend that indicated a positive cor-
relation with program correctness, which was not significant. Again, the question is to what 
extent the monitoring already took place when the novices looked at the preview without 
running the simulation and whether further or better traces for the monitoring process can 
be found here, which would allow for even deeper and more differentiated insight into the 
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application of meta-cognitive learning strategies. Furthermore, a more sophisticated way to 
measure the elaboration during the task could be chosen.

6.4  Avoiding a Typical Error (RQ5)

In order to gain further insight into the solution of the programming missions, typical errors 
in mission 1 were analyzed. We focused our analysis on the first mission as the high rate 
of successful novices led to few but common mistakes that were well suited for detailed 
analysis. The lower success rate in, e.g., mission 3 leads to a high number of very diverse 
observed problems, as well as many incomplete solutions, that mask interesting, typical 
errors. The typical exemplary error was that novices did not set the correct angle of the 
quadcopter or did not adjust it at all. Through the screenshots, we observed participants 
using the dynamic linking feature to first set a rough angle and then correct it in the code. 
The analysis showed that novices with both aids had a significantly higher chance of setting 
the angle correctly.

Reflecting in detail on the role of the mapping aid in solving this partial problem, the 
findings are in line with expectations based on our theoretical assumptions. For instance, 
dynamic linking offers a direct manipulation of the angles. In addition, highlighting should 
be helpful for the orientation and assignment of the respective waypoints. When combin-
ing both mapping aids, novices should be supported in solving the angle setting in the first 
quadcopter mission. Hence, this exemplary partial problem was chosen to examine whether 
the odds of error changed depending on the available mapping aids. Typical problems for 
correct angle setting were that novices either did not change the angle at all or were not 
able to deduce the correct values for the required angles for each waypoint. In the condition 
with both mapping aids, they had the opportunity to adapt the 3D preview directly to set 
the angles correctly. Without dynamic linking, they had to calculate the angle. Without the 
highlights, they had to search for the respective waypoint without assistance to map the code 
and the waypoint in the preview.

In the future, guidelines could be developed based on available empirical studies, which 
would allow to deduce the type of mapping assistance in the context of the specific (sub)
problem and, thus, enable targeted assistance in the individual (sub)tasks (Seal et al. 2010). 
Designers and providers of PLEs could benefit from such guidelines or hints to create appro-
priate support conditions for novice programmers depending on the tasks.

6.5  Investigating Aggregated Task Results

The previous sections covered the a-priori defined research design where our goal was 
investigating program correctness and learning outcomes for each task separately. In this 
section, we investigate both dependent variables again, now aggregating the results of all 
three tasks4.

The results of the MANCOVA revealed significant effects of the mapping aids (Df = 
3, F = 2.3339, p = 0.03490) on the dependent variables program correctness and learning 
outcomes. The covariate need for cognition was also significant (Df = 2, F = 4.2678, p = 
0.01761). The effect sizes (partial η2 = 0.09) for the mapping aids and need for for cogni-
tion (partial η2 = 0.10) indicate a moderate effect size.

4 This analysis was proposed by one of the reviewers.
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Based on these results, we further investigated how the three treatments compared to 
the control group using Dunnett’s test and found significant effects on program correctness 
between the group with both mapping aids and the control group (F = 7.69559, p=0.0195) 
with a moderate effect size (partial η2 = 0.09). We did not find significant effects for learn-
ing outcomes (F = 5.3536, p = 0.0629).

Overall, these results indicate that having both mapping aids increases novices’ program-
ming performance. However, this analysis was not part of the initial research design. Hence, 
these results warrant further investigation and a follow-up study.

6.6  Limitations of the Study and Threats to Validity

The PLE was presented as an online tool in order to reach the necessary number of par-
ticipants. This setting comes with some limitations. In a controlled laboratory study, the 
investigator could have ensured that the available aids were used (at least once). Despite the 
explicit hint to use the mapping aids in the initial example, not all subjects complied with 
this request. Furthermore, it could not be ensured that the novices did not use other (online 
or generative AI) support to answer the questions or to solve the programming tasks. To 
limit this problem, the tasks were very specific, used a custom DSL, and simple copying of 
code examples was not possible due to the graphical nature of the Blocky interface. Partici-
pants were instructed to test out the mapping aids in an example, and the usage of mapping 
aids was verified in the screenshots and saved data. However, this could be controlled more 
effectively in a follow-up laboratory study.

Another limitation of the online PLE was that the novices participated on their own 
computers. For example, the participants had different screen sizes, interactions (touchpad/
mouse), and individual settings, including a possibly slow Internet connection, which may 
also contribute to potential bias. In order to keep possible biases as small as possible, the 
section of the screen that was viewed was kept constant, regardless of the screen size. Nev-
ertheless, it is possible that the screen size had an influence on the usability or readability 
of the PDF instructions provided. We recorded screenshots of their progress every 5 sec-
onds to gain insight into the learning behavior of the novices. Although we gained valuable 
information on their learning, future studies could collect more data points to ensure that no 
important steps are missing.

Our study extends and uses a preexisting programming environment by Witte and Tichy 
(2019). Many established alternatives and possibilities to present the mapping aids to the 
user exist but are out of scope of this work and, therefore, are not systematically evalu-
ated or considered in the present study. Instead, a prototypical implementation is used that 
employs markers and visualizations existing in ROS. ROS markers are commonly used and 
representative for visualizing robotic applications in real-world scenarios. This potentially 
sub-optimal implementation regarding the interaction and visualization of our mapping aids 
might lead to a reduced effect size in our results.

In our study, we collected a convenience sample. The main goal in recruiting was to find 
people with little programming experience (novices). Based on the collected data of prior 
knowledge, the sampling method used succeeded in finding novice programmers. Never-
theless, the sample mainly contained students. Psychology students were overrepresented 
due to their lower programming experience in comparison to, e.g., engineering students. 
In this sample, it can be observed that, for example, the figural intelligence was slightly 
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above average. It would therefore be interesting to see whether the present findings can be 
replicated with other more heterogeneous samples and what role further learner character-
istics (e.g., age, working memory capacity) play in the positive effect of the mapping aids 
on performance and their use in the PLE. Some of the reported effect sizes were signifi-
cantly smaller than the initially assumed effect size on which our a priori power analysis 
was based. The initial sample of the study was also slightly smaller than the sample size 
proposed by our a priori power analysis. This could also have influenced the effects found. 
In accordance with good scientific practice, no additional data were collected. In the future, 
larger samples could be obtained outside the pandemic period, as it was extremely difficult 
to find subjects during this time. Additionally, support conditions could be chosen so that 
expected group differences increase.

In the present study, the initial barrier to starting programming and implementing a solu-
tion was kept as low as possible. To this end, some hints and helpful information have been 
provided in the task descriptions to ease the problem-solving aspect of programming. With 
the help of these hints, novices could divide the tasks into sub-steps and understand the 
structure of the task and the flight trajectory to be created. This led to a simplification of the 
programming tasks to make it possible for novices to solve different tasks in less time and 
to focus on the implementation and program maintenance aspects. The library of available 
program blocks and the domain-specific language used was tailored to fit the programming 
tasks. This reduces the time to introduce all necessary concepts and language constructs. 
Nevertheless, the environment and language can be easily extended and adapted to real-
world applications without adding much complexity. The programming tasks are therefore 
rather artificial and only reminiscent of real-world scenarios, which would be more com-
plex, time-consuming, and require longer training.

7  Related Work

Due to the fact that mapping aids in PLEs are an interdisciplinary research field, similar 
concepts and ideas are often named differently. Consequently, finding related studies and 
empirical results is not self-evident. In this section, we will provide insight into related 
work from both software engineering and learning and instruction research. Publications in 
the field of software engineering often focus on technical aspects. The learning and instruc-
tion perspective focuses on empirical evaluation and attributing results to related cognitive 
processes.

7.1  Live Programming Features in Programming Environments for Robotics

Live / on-line PLEs offer different options to implement supportive elements such as map-
ping aids. Multiple representations or live programming features are commonly used in 
programming environments for robotics that are targeted at programming novices. Chore-
graphe (Pot et al. 2009), the programming environment for the NAO humanoid robot uses 
a data flow-oriented graphical programming model paired with a poseable preview of the 
robot, as well as a choreography timeline. Subedi et al. (2021) described that using Chore-
graphe to program NAO was easier to use for novices compared to Python SDK and thus 
outlined the beneficial effects of live/online PLEs.
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The Whyline prototype (Ko and Myers 2004) is another example of an interactive PLE 
that tries to outline the connection and ease the mapping for novice programmers. It sup-
ports an interrogative debugging interface for the Alice programming environment visual-
izing answers to specific questions. A small user study showed a significant reduction in 
debugging compared to identical debugging scenarios without Whyline.

Sketch ’n Sketch (Hempel et al. 2019) uses bidirectional evaluation similar to our PLE 
to create an interactive visual preview with multiple application cases such as HTML, 
SVG, and markdown editors using functional domain-specific languages as a linked textual 
representation.

However, quantitative empirical studies of the usability and learning aspects of these 
environments are rarely done. Berenz and Suzuki (2014) compare their own declarative 
behavior specification language with the Choregraphe flow-based programming approach 
in a user study with 17 participants from a professional or educational background. The 
study focuses on their alternative programming paradigm Targets-Drives-Means (TDM) and 
uses Choregraphe only as a state-of-the-art baseline and does not consider the underlying 
processes related to multiple representations or mapping aids.

Do et al. (2019) conducted a study with learners with different amount of prior program-
ming experience using the SWELL tool, which also allows bidirectional mapping from 
program text to output and includes a graphical preview. They used a very brief measure-
ment of the learning outcome and looked at the affective effects of SWELL compared to 
a standard development environment for programming novices. They found no hints for a 
beneficial effect in their data. However, they illustrated the potentials and benefits of further 
research on this topic.

Other case studies focusing on specific aspects, e.g., block-based robot programming in 
a learning context for children (Sutherland and MacDonald 2018) underline the importance 
of instant, easy-to-understand, and robust feedback. Alvis Live! (Hundhausen and Brown 
2007) provides a live algorithm visualization targeted at novice programmers. In a usability 
study with 21 novice programmers, the authors found evidence that learners benefit from 
these live visualizations by quickly identifying and correcting errors. In a later empirical 
study (Hundhausen et al. 2009) found additional hints for a beneficial effect on novices’ 
programming outcomes when allowing direct manipulation of the preview against a tex-
tual programming interface control group. Winterer et al. (2020) use Blockly in an indus-
trial robot programming context showing that even complex programs can be expressed 
in Blockly, and that the Blockly interface provides similar or better understandability or 
maintainability than traditional flowchart-based visual languages. Gunaratne et al. (2024) 
and Sutherland (2022) used Blockly to educate children in programming and described 
a more structured learning experience, improved understanding of basic concepts of web 
development, and a better learning experience. Price and Barnes (2015) compared block-
based interfaces with textual interfaces in a novice programming environment. Although 
perceived difficulty did not change, participants using the block-based interface spent less 
time off task and completed the exercises faster. Although the used interfaces often include 
some form of preview, they do not consider features linking both views bidirectionally or 
measure the performance impact of the linking of both views. Campusano et  al. (2019) 
evaluated live programming features to program robot behavior through state machines in 
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an experiment. Contradicting their assumptions, the live environment did not outperform 
the non-live state-of-the-art baseline, but participants preferred the live environment.

Table  5 summarizes the results for the most relevant robotic PLEs in related studies 
evaluating their effectiveness.

7.2  Evaluations of Mapping Multiple Representations in Interactive Environments

Many different ways to facilitate mapping in interactive PLEs have been reported and eval-
uated in terms of their effects on cognitive processes and learning success. Some older 
studies, for example, used graphical techniques to mark the corresponding elements (inter-
representational hyperlinks: Brünken et al. 2005; Seufert et al. 2007). In this case, relevant 
elements within a representation were marked as hyperlinks and users had the possibility to 
click on these inter-representational hyperlinks to get hints about corresponding elements in 
other representations. A beneficial effect of this implementation of the element-to-element 
mapping aid was presented when comparing the results of the experimental group with a 
control group (Seufert et al. 2007).

More recently, the approach of linking multiple representations, allowing manipulation 
of a virtual simulation, was studied in more detail. For example, Rey (2011) compared 
different mapping aids in a study (text fields, scroll bars, or drag-and-drop) as possibilities 
that allowed the modification of the parameters of a virtual simulation. These three 
interactive elements were used to dynamically link the different (multiple) representations 
with the simulation. Hence, they represent an implementation of relation-to-relation 
mapping aids, as they do not simply outline related elements but make related processes 
more transparent (Gentner 1983). Here, positive effects of some interactive elements 
(scrollbars and drag-and-drop) were found on the transfer or application level, but not 
on the knowledge level compared to the text field condition. More recently, Liao (2023) 

Participants Evaluation Results Features
Subedi et al. (2021) not reported/ novice 

prog.
comparison mixed Preview

Do et al. (2019) 114 students evaluation ineffective Mapping aid
Hundhausen and Brown 
(2007)

21 novice prog. usability study effective Preview

Hundhausen et al. (2009) 34 novice prog. controlled experiment effective Preview
Berenz and Suzuki (2014) 17 

non-programmers
usability experiment mostly eff. Blocks

Price and Barnes (2015) 31 6th/7th graders controlled experiment mixed Blocks, 
Prev.

Hempel et al. (2018) 21 grad./undergrad. controlled experiment mixed Preview
Sutherland and MacDonald 
(2018)

not reported/
children

observation of usage mixed Blocks

Campusano et al. (2019) 10 engineer. 
students

controlled experiment ineffective Blocks, 
Prev.

Winterer et al. (2020) - example case effective Blocks

Table 5  Related evaluations of PLEs and their reported results

Most of the PLEs are from the robotic domain and target novices
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looked at the effects of different mapping aids. They found effects of mapping aids on 
different aspects of learning outcome: structural and conceptual knowledge. As already 
outlined earlier (see Section 7.1) by the example of Sketch ’n Sketch, this approach of 
dynamic linking between a virtual simulation and a textual representation has been further 
extended (Mayer et al. 2018; Hempel et al. 2019).

Bidirectional linking of multiple representations – similar to the dynamic linking fea-
ture in our PLE – has been implemented in some studies as one possibility to implement 
relation-to-relation mapping aids. In this case, users were able to manipulate any of the 
related components to cause a change in the respective other representation (Hempel et al. 
2019). For example, Patwardhan and Murthy (2017) discovered the beneficial effects of 
bidirectional dynamic links as mapping aids, not only for interacting with a PLE but also 
on higher levels of learning outcomes (transfer, application, or comprehension).

These (heterogeneous) findings illustrate that live programming features per se are not 
an advantage and that it is necessary to obtain more precise information in larger empirical 
studies on which type of mapping aids are particularly helpful, which underlying processes 
are influenced by these mapping aids and how, and which boundary conditions and charac-
teristics of novices play a role in this.

8  Conclusion

Domain experts, who operate robotic systems, often lack in-depth programming knowledge. 
Therefore, the design of the programming (and learning) environment as well as support 
features to help acquire basic knowledge of the system are crucial to successfully program 
the CPS. Provenance tracking at run-time provides valuable information that can be used 
in mapping aids using output-directed programming. These mapping aids support novices, 
e.g., by automatically linking elements of a live preview to corresponding code elements to 
help solving programming tasks.

In the present study, we examined the effects of a highlighting feature that highlights 
relevant locations in the code when clicking on an element in the preview, and a dynamic 
linking feature, that allowed direct manipulation of the code through the preview, on pro-
gram correctness and the learning outcome of novice learners. Participants were tasked to 
implement different quadcopter missions in a block based PLE with a 3D live preview and 
simulation.

While highlighting was beneficial for program correctness, dynamic linking showed 
more positive effects on deeper learning. The combination of both aids compared to single 
aids also revealed positive effects. The analysis of a typical error showed that especially 
the combination of both helps increase the chance of a correct solution. Traces of strate-
gies, during solving the mission tasks, can already anticipate success in programming and 
learning. Hence, our findings are more complex than a global summary allows. One needs 
to have a more differentiated look at the respective tasks and circumstances to be able to 
answer whether the different support conditions are helpful or not.

We therefore conclude that output-directed programming and provenance tracking at 
run-time provides a good basis for implementing mapping aids to relate multiple repre-

1 3

    7   Page 34 of 57



Empirical Software Engineering            (2026) 31:7 

sentations. Effective help features and visualizations can be quickly implemented in an 
environment that provides generic provenance information and enables the manipulation 
of values using output-directed programming.

8.1  Future Work

We plan to implement and evaluate more advanced mapping aids and other live pro-
gramming features that use and showcase the rich information output-directed program-
ming and provenance tracking in PLEs can provide. The generic foundation provided 
by output-directed programming and dynamic provenance tracking at the language 
level enables fast iteration and prototyping of innovative interactive presentation and 
visualization features. We plan a systematic evaluation of different visualization and 
interaction variants that improve our prototypical implementation in future studies. 
Other potential features include improvement of proposed code changes through con-
text information, live evaluation and live debugging tools that can explain program 
behavior using provenance traces, and test case generation or automatic program repair 
using assertions that trigger output-directed program changes. For example, the PLE 
could automatically propose multiple possible fixes for a failed assertion during testing. 
Improved debugging tools could then provide further insight into how these possible 
fixes work and whether negative side effects might occur.

More adaptive PLEs could be developed that additionally detect and reinforce posi-
tive patterns with prompts and specifically support novices for instance by using AI-
features to automatically prune provenance traces based on the current user focus and 
context. Output-directed programming is a promising and adequate way to provide the 
necessary information to implement those novel help features.

In future studies, the research question could be extended and the concept of the 
planning process could be explored in more detail, for example, in connection with the 
concept of computational thinking (e.g. Hodhod et al. 2014). In this way, the present 
findings could be integrated into a larger context.

Psychophysiological measurements (e.g., eye-tracking) could provide further insight 
into the associated cognitive processes. Other formats such as video or audio record-
ings could be used as possible sources of information. For example, learners could be 
actively encouraged to verbalize their thoughts and solution processes (think aloud), 
possibly providing further insight into the strategies used. This could reduce specula-
tion and uncertainty while classifying and interpreting the intent of the participant and 
thus improve the transparency of behavioral patterns and cognitive processes.

In our study, we found a positive relationship between traces of cognitive learn-
ing strategies (organizing, elaborating) and performance based on process data. In 
future studies, indicators of these traces could be tracked online using learning analytic 
approaches and used as a live feedback tool to provide helpful inputs (e.g., cognitive 
prompts) that could trigger the use of learning strategies when needed (e.g. Zumbach et 
al. 2020). For instance, by recording the time of a novice on a specific task, after a cer-
tain amount of time additional information or strategic help could be provided in a pop 
up window. In this way, individual and adaptive PLEs could be implemented to provide 
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feedback or appropriate supporting elements. For this, the analysis of further typical 
errors could be helpful. If adaptation is conceptualized at different levels (micro and 
macro) and over longer periods of time, further insight could be gained into whether, for 
example, these factors are also important for finding effects of met-acognitive strategy 
traces.

In general, our study offers only limited temporal insight. It would also be interest-
ing to observe novices in the process of learning to program for a longer period of time. 
Investigating whether the effect of the mapping aids and their use changes over time 
and to what extent the learning effects found are long-term could give insights into 
how output-directed programming features could help novices become more advanced 
programmers.

The display concept of the study could also be expanded to non-simulation settings: 
we developed, both, augmented and virtual reality displays for our PLE. In future stud-
ies, we plan to investigate how mapping aids assist novices when the 3D preview is 
presented as an augmented reality element in the real laboratory, or whether presenting 
our PLE in virtual reality interferes with the positive effects of our mapping aids.

Appendices

A Supplementary Information for the Method

The reported findings are part of a bigger research project and thus not all variables are 
reported in the paper. Cognitive load as well as the subjective evaluation were not in the 
focus of this paper and further about the related findings were reported in an other publication 
(Witte 2024). To measure cognitive load, we used the differentiated cognitive load question-
naire (Klepsch et al. 2017). This questionnaire contained 2 items for intrinsic cognitive load 
(ICL), reflecting the complexity and element interactivity of the content. We used 3 items for 
assessing extraneous cognitive load (ECL), which reflects the load imposed by the design of 
the environment. To test the resources novices invested when programming the three tasks 3 
items for germane cognitive load (GCL) were given. The respective items were subjectively 
rated on a 7-point Likert scale ranging from 1 (not at all) to 7 (completely). Results are reported 
as z-scores for RQ4. The reliability was sufficient with α = .783 (CI95% = .670 − .861) 
for ICL, McDonald’s omega of ω = .876 (CI95% = .829 − .923) for ECL, and McDonald’s 
omega of ω = .702 (CI95% = .595 − .808) for GCL.
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B Programming Exercises

The following pages in this section contain a translated version of the complete instructions 
and exercises given to the participants preserving the original formatting and layout. Parts 
that were only included in the instructions for specific experimental conditions are marked 
accordingly. 
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C Solution Scheme for Program Correctness

In this subsection the detailed solution scheme for scoring each of mission is provided 
including an example of a correct solution. 
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D Assessment of Prior Knowledge and Learning Outcome

In this subsection all questions related assessing to prior knowledge before the experiment 
and learning outcome after the missions are presented including the examples for correct 
answers and scoring.

D.1 Assessment of Domain-Specific Prior Knowledge – Performance Test

Please answer the following questions about programming.
Question Answer Points 

(P)
Knowledge
What does the abbreviation GUI stand for? Graphical User Interface 1P
Briefly describe what debugging means. e.g. Troubleshooting/ Find the cause of the 

error
1P

What are logical operators? Give an example. Logical operators are operators that check 
whether certain statements are true or false 
have truth value as input and as output. Ex-
ample: or, and, not

2P

What are the coordinates of the point A (displayed 
in a graphic)? Answer example: A(0,2,1)

A(3,4,5) 1P

Comprehension
Name one major difference between "program 
execution" and "compilation".

Complile: Translate into computer language, 
when executed, no translation

1P

Name one major difference between dynamically 
and statically typed programming languages.

Dynamic: type of a variable can change, not 
with static.

1P

Name one major difference between variables and 
values.

A variable is the name of a piece of informa-
tion, while value is the information itself.

1P

A drone is flying in space and is located at point 
D(x=1,y=2,z=4). Which coordinate changes when 
the drone changes its altitude?

Z 1P

D.2 Subjective Self-Assessment Programming – Self-Report

Please answer the following questions regarding your previous programming 
experience.(Q1)	 How often have you programmed in the past? (6-pt Likert scale from 
daily to never)
(Q2)	 Which graphical programming languages have you used before?
(Q3)	 Which other programming languages have you used before?
(Q4)	 How do you rate your current knowledge of each of the following programming 
concepts?

	–  (6-pt Likert scale from no knowledge to very knowledgeable)Handling of variables
	– Handling of data types
	– Flow control with loops
	– Flow control with conditions
	– Function definition
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D.3 Assessment of Learning Outcome – Performance Test

Please answer the following questions.
Question Answer Points (P)
Knowledge 1P
What does the "wait" command do?
a) The program waits for further input and if there is no further 
input it terminates after 5 seconds.

c) Stops the program 
until the drone has 
reached the waypoint 
defined afterwards.

b) Stops the program until the drone has reached the previously 
defined waypoint.
c) Stops the program until the drone has reached the waypoint 
defined afterwards.
d) The drone stops immediately and waits there for further 
commands.
Which statements about variables are correct? 1P
a) Only numbers and words can be assigned as values. b) A vari-

able can be 
assigned 
multiple 
times.

b) A variable can be assigned multiple times. c) A variable 
can always 
be used 
instead of 
the value as-
signed to it.

c) A variable can always be used instead of the value assigned to 
it.
d) The value of a variable is unchangeable.
Which statements about flight maneuvers of the drone are correct? 1P
a) The drone can fly in any direction regardless of its orientation. a) The drone can fly in 

any direction regard-
less of its orientation.

b) The angle of the "moveTo" block indicates the rotation around 
the z-axis.

b) The angle of the 
"moveTo" block 
indicates the rotation 
around the z-axis.

c) The angle of the "moveTo" block indicates the rotation around 
the y-axis.
d) The angle of the "moveTo" block indicates the rotation around 
the x-axis.

Comprehension
Name a basic difference between the "pose" block 
and the "wait" block.

Pose: expression; returns a value, does not 
block the program, expects a parameter (which 
object to assign); Wait is a statement

2P

Describe the effect of the 3 programs a,b,c on the 
movement of the drone in your own words.

3P

a) moveTo – wait – sleep – moveTo a) D flies to point 1, program is stopped until 
the point is reached. D waits at point 1 t (in 
sleep defined time) and then flies to P2.

b) moveTo – wait – moveTo b) D flies to point 1, program is stopped until 
the point is reached. D waits at point 1 t (in 
sleep defined time) and then flies to P2.D flies 
to P1, when reached program continues to run, 
D flies to P2
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c) moveTo – sleep – wait – moveTo c) D flies to P1 if sleep time already elapsed, 
then no effect; otherwise program waits at P1 
for remaining time, wait ensures that point is 
approached in any case, P2 is approached

Application
Name the problem in this program:

Pose returns a structure with multiple fields, 
only one component of this pose can be 
inserted into the moveTo block like this

1P

Name the problem in this program:
Variable used first and only then value 
assignment/definition

1P

What is the difference between the code for preview 
a and preview b? 

Second waypoint: z-coordinate has been 
altered

1P

a

b
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Which program matches this preview? a 1P

a

b

c

d

E Typical Errors while Programming the Three Missions

In the following, we provide more insights into typical errors while programming the first 
mission. Based on our evaluation scheme, we analyzed individual errors that occurred. In 
general, the following errors were considered in the evaluation scheme:

	– quadcopter is flying (z > 0)
	– creating 4 waypoints
	– waypoints result in a square
	– at least 1x change of an angle
	– correct angle setting
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	– each moveTo is followed by a wait or sleep blockOverall, novices could achieve 6 point 
maximum. Only 8 of 82 scored 3 points or below in the first mission (see Fig. 11).

Based on the violin plot displaying the descriptive pattern of the points in the first mis-
sion for each experimental group, differences can be observed between the four experimen-
tal groups (see Fig. 11).

Descriptively, most novices scoring 3 points or lower were found in the control group, 
followed by the group with dynamic linking as mapping aid. By analyzing the process data, 
including the automatically recorded screenshots during programming the mission, typical 
errors have been determined by two independent raters. Around 80 % of the novices scored 
with 4 points or higher. Mostly, errors resulting in lower scores occurred based on three of 
the six evaluation criteria: the drone does not fly (z = 0), the angles of the waypoints were 
not manipulated at all, and the angles were altered but the angle setting was not correct. The 
last aspect is described as an exemplary, typical error in the results section (see Section 5.7). 
The other two typical errors are described in more detail in the following sections including 
a descriptive overview along with inferential testing using logistic regression approaches.

E.1 Quadcopters didn’t Fly

We analyzed the typical error not of altering the z-coordinate resulting in a quadcopter that 
does not fly. Descriptively, novices in the group with dynamic linking and/or highlights 
were less likely to alter the z-coordinate (see Fig. 12). The lowest descriptive probability of 
not altering the z-coordinate was found for the experimental group with dynamic linking.

Fig. 11  Violin plot displaying the point distribution for the first mission
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To determine, whether this trend represents a significant effect, we conducted a logistic 
regression considering respective covariates. Our analysis revealed, that the dynamic link-
ing group had a significant lower probability to adjust the z-coordinate compared to the 
control group (see Table 6). This finding might support the idea described in the theory 
and previous literature, that the beneficial effect of mapping aids is also dependent of the 
considered (sub)task.

E.2 No Angle Adjustment

Next to the described angle setting error in the results section (see Section 5.7), we addition-
ally analyzed whether the provided mapping aids had an impact on the odds of changing the 
angle at least once. Descriptively, in the control group without mapping aids, novices were 
more likely to not adjust the angle at all (see Fig. 13).

Fig. 12  Pie charts displaying the proportion of drones that didn’t fly (incorrect) and the flying drones (cor-
rect) for each experimental group

 

Table 6  Coefficients
Wald Test

Estimate Std. Error Odds Ratio z Wald Stat. df p
(Intercept) 2.343 1.650 10.417 1.420 2.016 1 0.156
Dyn. linking * highlights −0.376 0.982 0.687 −0.383 0.147 1 0.702
Dynamic linking −1.790 0.891 0.167 −2.010 4.039 1 0.044
Highlights −1.038 0.918 0.354 −1.130 1.278 1 0.258
Figural intelligence 1.303 1.773 3.682 0.735 0.540 1 0.462
Need for cognition −0.007 0.018 0.993 −0.383 0.147 1 0.702
Prior knowledge −0.010 0.016 0.990 −0.646 0.418 1 0.518

Fig. 13  Pie charts displaying the proportion of no adaption of the angles (incorrect) and at least once 
adapted angles of the drones (correct) for each experimental group
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We tested this typical error for significance by using a logistic regression considering 
different covariates: Significant effects of the mapping aids for both mapping aids and the 
dynamic linking were found (see Table 7). Novices in these groups were more likely to 
adapt the angle at least once compared to the control group, when the respective covariates 
were considered.
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Table 7  Coefficients of the logistic regression predicting the chance of at least one angle adaption in mission 
1 considering the effect of experimental groups (1-3) against the control group (4)

Wald Test
Estimate Std. Error Odds Ratio z Wald Stat. df p

(Intercept) −1.581 1.768 0.206 −0.894 0.800 1 0.371
Dyn. linking * highlights 2.218 1.152 9.189 1.925 3.707 1 0.054
Dynamic linking 2.351 1.168 10.495 2.013 4.050 1 0.044
Highlights 1.281 0.840 3.601 1.525 2.327 1 0.127
Figural intelligence 0.842 2.120 2.320 0.397 0.158 1 0.691
Need for cognition 0.026 0.021 1.026 1.249 1.560 1 0.212
Prior knowledge 0.005 0.020 1.005 0.260 0.067 1 0.795
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