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Abstract: Developing assessment tools for computational thinking (CT) in STEM education is
a precursor for science teachers to effectively integrate intervention strategies for CT practices.
One problem to assessing CT skills is students’ varying familiarity with different programming
languages and platforms. A text-neutral, open-source platform called iFlow, is capable of
addressing this issue. Specifically, this innovative technology has been adopted to elicit
underrepresented undergraduate students’ debugging skills. We present how the visual-based
coding platform can be applied to bypass programming language bias in assessing CT. In this
preliminary study, we discuss design principles of a visual-based platform to effectively assess
debugging practices — identification, isolation, and iteration — with the use of iFlow
assignments. Our findings suggest how the ability of iFlow to test parts of a program
independently, dataflow connectivity, and equity in removing biases from students’ various
backgrounds are advantageous over text-based platforms.

Introduction

In STEM education, computational thinking (CT) has become a critical component in preparing students for the
technical workforce (NSF, 2020). Practitioners are, however, facing problems integrating and assessing CT in the
STEM curriculum (Wang et al., 2021). CT presents an additional stumbling block for underrepresented groups in
building the pipeline for computational-related careers (Thomas et al., 2018). Our central proposed intervention
strategy is for students to create computational solutions to science problems without, at first, requiring them to
master intimidating syntax and semantics. This can be accomplished with the aid of a visual-based programming
tool, so that we can make students’ computational thinking visible while they are shaping it (Ainsworth et al.,
2011). We collaborated with the developers of one such tool, called iFlow, where we can create a beta version
suitable for our needs. The goal is to design assessment tools for evaluating the effectiveness of visual-based
programming in facilitating students’ CT skills. We report on one of the assignment questions for eliciting CT
skills of debugging, which students self-identified as a barrier in our preliminary study (Hylton et al., 2021).

Innovative visual-based programming platform — iFlow

Visual-based programming was implemented by the application of iFlow. Inspired by the Unified Modeling
Language and dataflow programming paradigm, this constructionist environment (Papert, 1991), named iFlow,
models a program as an executable directed graph depicting the structure of a computational solution and the
interactions among its constituents. The results emerge as data flow through these interconnected elements (see
Figure 1 as an example). While there exist successful dataflow programming products such as Grasshopper,
LabVIEW, and Simulink, most of them are tailor-made for specific applications that may not be appropriate for
introductory courses. For example, Grasshopper only works within the Rhinoceros 3D computer-aided design
software, LabVIEW is mostly used in data acquisition and instrument control, and Simulink focuses on modeling
multi-domain dynamic systems. By comparison, iFlow is a general-purpose, Web-based, and integrated
computational environment designed for students to solve common problems encountered in the science
curriculum, with an objective to meet diverse educational needs of students with various backgrounds and interests
in science. To clarify, although it bears some resemblance to system dynamics software such as Stella and Vensim,
iFlow is not a system dynamics modeler. In iFlow, the representational blocks are directly manipulable (e.g.,
pulling a slider changes the variable it represents). Their changes can be immediately transmitted across the
connector networks, updating the linked nodes on their way and making the entire diagram interactive

iFlow debugging assignment
We describe an assignment intended to elicit and assess users’ debugging skills. The assignment prompt is:

Your lab partner devised a method to test whether the function shown in the Multivariate

Function block (the green block in Figure 1) is a good fit to the data. S/he decided to subtract
the data values from the function values (using an Arithmetic block [see Figure 1]) to see how
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close they are as a test of goodness of fit. S/he also decided to average the difference of each
data point (using the Mean block), and since the average is 0 as shown in the Output block, s/he
decided that the fit is very good. Your job is to decide whether you agree or disagree with your
lab partner’s work, and if you disagree to improve on the work.

The assignment in Figure 1 illustrates some of the blocks where we can store arrays, define functions,
assign variables, do arithmetic computations and statistics, and display outputs. The assignment program was
constructed by dragging appropriate blocks from the left “Blocks” palette to the working canvas. The function of
each block was described to the student via a manual and training exercise. The blocks are connected via the nodes
on the left and/or right sides of the blocks, which represent the input(s) to and output(s) from the blocks. Each
block has properties that are listed in table form (by right clicking on the block) that can control each block. The
assignment was given to 13 STEM majors in an Introductory Physics lab. A post-activity survey was implemented
to collect students’ reflection and feedback.

Figure 1
iFlow program associated with the debugging assignment
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We hypothesize that this visual-based programming can enhance students’ cognitive processing of data
flow, which would lead to a stronger performance in more traditional computing tools, such as text-based Python
and visual-based LabView. This question can be used to assess debugging skills, because it purposefully
introduces an error in testing the goodness of fit, which is an essential part of common data analysis in introductory
physics courses. The error introduced is averaging the deviations to gauge goodness of fit. This will not work
since some deviations are positive and some are negative. Students with more advanced debugging skills should
be able to graph the data and fit function with iFlow (see Figure 2) to realize that the fit is not good.

Assessing cognitive processes of debugging in iFlow

iFlow program makes the assessment of debugging practices easier, because it could not only help assess the
processes involved in fixing errors, but also resurface the cognitive processes of completely understanding the
errors. Such affordance could mitigate the problem, where errors are often fixed without systematically
investigating them, and thus, learners are prone to repeat the errors (Li et al., 2019).

We classify the debugging practices dealing with errors into three cognitive processes—identification,
isolation, and iteration — adapted from the work of Weintrop and his colleagues (2016). Identification focuses on
how one makes sense of the solution, isolation focuses on one's systematic investigation of the issue, and iteration
focuses on how one reproduces and fixes the error. To illustrate each cognitive process, we prompted the students
with the following questions as a protocol in eliciting thought processes: 1) Do you AGREE with the given
solution? 2) If Yes, explain your reasoning in the space below. 3) If No, you should improve on your solution. 4)
Record ALL the things you did to justify your decision and to improve the solution. These things should include
anything you did to acquire information needed to understand ALL the issues you identified. For example, if you
tried to understand the properties of a block outside of the computational problem, then it should be included in
the list of things done.

For numbers 1-3, we expect students to spot some issues in the solution shown in Figure 1. For example,
the deviation (computed by the arithmetic block) can average to 0 as shown in the output block, but with further
investigation, a graph generated by an exemplar student (see the Space2D block in Figure 2) reveal that the
solution proposed in Figure 1 is inadequate. For number 4, students are prompted to list their actions, so that we
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can evaluate whether they engaged in the investigative processes. For instance, students should research the error
enough to eliminate the canceling of the deviations by comparing the data values (shown as the blue points in
Figure 2) to the line fitted to the data (shown as B in the legend of Space2D block in Figure 2). Another issue is
the type of function, and students should realize by the practices involved in isolation and iteration that the linear
function is not the best solution.

Figure 2
Sample systematic investigation of an exemplar student on the computational errors in goodness of fit.
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Design principles of iFlow in assessing debugging

Assessing cognitive processes of debugging can be done in common text-based programming, but visual-based
programming has some advantages over text-based programming (Navarro-prieto & Caias, 2001; Saito et al.,
2017; Weintrop & Wilensky, 2017) and assessment. First, iFlow helps its users to investigate blocks independent
of the rest of the program, which usually cannot be readily done in text-based programming (e.g., usually, one has
to disable the rest of the program in order to check one part). For assessment purposes, iFlow makes it easier for
students to isolate and trace back the steps without breaking the entirety of the programming solution (e.g., Figure
2). For researchers, iFlow is advantageous over text-based programming, because we can evaluate what the
tendencies of users are when they engage in debugging, such as: 1) identifying an issue based on the visual
computational solution, 2) deciding which part of the visual-based computational solution is a reasonable cause
of the error, and 3) systematically studying how the cause of error. Therefore, iFlow better helps the practitioners
and researchers evaluate investigative processes pertaining to how students isolate errors and fix them.

Second, we believe that iFlow encourages debugging because it visually shows connectivity and
relationship among different components on the same page. The hierarchical linearity or non-connectivity
involved in the text-based programming usually overwhelms novice students, preventing them from even
attempting to identify the issue (Mosemann & Wiedenbeck, 2001), which deters any assessment endeavor. In
visual-based programming, students can trace the source of error and test various ideas in a more systematic
manner. Correspondingly, the inputs of text-based codes could be assigned hundreds of lines back in the program
before being called into computing. Such a gap and lack of connectivity may demotivate students in science
classes to engage in the practices of debugging. As a result, iFlow is more suitable than text-based platforms in
assessing debugging, since the interface is more welcoming for users to engage in debugging practices.

Third, all of the students can be provided with an equal background in iFlow, which may not be possible
if the same platform, such as Python or Excel, is used in the science courses for assessment purposes as well as
coursework. The coursework platform for assessment may impose bias since students would have varying
backgrounds and familiarity. For instance, we may not be able to assess the cognitive processes in isolation
correctly if some of the students already know how to deal with the purposeful errors. These students can bypass
some of the debugging sub-practices, which makes their prior knowledge interfere with the assessment. Thus, the
validity of the assessment is jeopardized.

Discussions and implications

In this technology innovation paper, we only presented the application of iFlow to the assessment of debugging
skills. Based on students’ positive feedback, such as “The biggest thing is that iFlow is the most straightforward
[compared with Python]. If there’s anything that you're not understanding, you are able to just see it.” we
conclude that visual-based programming would be efficient in assessing debugging skills, such as the ability to
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see the various connections shown on iFlow interface. A few of the advantages are: ability to test parts of a
program independently, dataflow connectivity, and equity in removing biases from underrepresented students’
various backgrounds. Visual-based programming, such as iFlow (Hylton et al., 2021), is an innovative technology
to teach computational thinking in STEM courses. It is a powerful platform not only for students to be able to
solve computational problems in science, but also for researchers to assess pupils’ learning in various aspects.

The assignment developed for assessing debugging skills can be applied to both text-based and visual-
based programming. In our future studies, we plan on building debugging skills of students in STEM courses by
an appropriate intervention whose effectiveness can be assessed and refined using appropriate debugging rubrics.

Nevertheless, with the promising affordance in assessing CT in STEM education, there are some
limitations to this innovative technology. For instance, iFlow requires more development, as is planned, so it is
more responsive to the various needs and provides a smoother interface, such as comparing similar computational
solutions side by side without the need to open multiple cloud files. In addition, because the interface is different
from conventional text-based programming, it requires constant customization of different manuals and user
training materials that are tailored for instructional use.
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