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Analogical Transfer Between Programming Languages: Scratch to Python

Anonymous CogSci submission

Abstract

Analogical transfer presents unique challenges in computer
science education, particularly during the shift from visu-
ally scaffolded block-based languages to syntactically com-
plex text-based languages. [structure mapping theory] This
study is an exploratory look at analogical transfer between
block-based (Scratch) and text-based (Python) programming
languages among late elementary and middle-school students.
76 students proficient in Scratch with minimal Python experi-
ence completed an assessment measuring transfer of key pro-
gramming constructs. Results indicated limited transfer follow-
ing brief instruction emphasizing structural similarities. Stu-
dents’ perceived similarity of the languages predicted overall
Python performance, suggesting students may recognize struc-
tural mappings between the two. However, in regression mod-
els, we did not find evidence that students transfer after control-
ling for general programming ability. Findings suggest that stu-
dents need more targeted instruction to conceptualize structural
relationships and support robust analogical transfer between
block-based and text-based programming languages.

Keywords: add your choice of indexing terms or keywords;
kindly use a semicolon; between each term

Introduction

Analogical transfer—the ability to apply knowledge from one
context to another based on shared structural relationships—is
fundamental to human learning (Gentner, 2003). Computer
science (CS) education provides a unique opportunity to study
this process, as students often are exposed to multiple pro-
gramming languages throughout their education that differ
in syntactic details but share underlying relationships that
comprise the computational concepts (Kao et al., 2022). In-
creasingly, students are introduced to block-based languages
that use visual interlocking blocks which represent code com-
mands that snap together like puzzle pieces. While these
block-based languages decrease barriers to entry by providing
an intuitive, drag-and-drop interface for novice programmers,
students are eventually expected to transition to text-based
languages which can differ dramatically at the surface level of
their syntactic details. Understanding how learners navigate
surface differences to recognize deeper relational similarities
between block-based and text-based languages remains a crit-
ical challenge for CS education research.

Transition from Block-based to Text-based
Programming Languages

Block-based programming languages like Scratch have trans-
formed introductory computer science by providing novices
with visually intuitive, accessible entry points to coding
(Kelleher & Pausch, 2005; Weintrop et al., 2018). For many
students, these platforms represent their first encounter with
programming and computational thinking (Bau et al., 2017,
Resnick et al., 2009; Weintrop, 2019). However, as students
progress, they are expected to transition to traditional text-
based languages that lack the concrete scaffolding of block-
based environments—a shift that presents significant learning
challenges (Grover, 2021).

This transition is particularly difficult because it requires
students to recognize conceptual equivalences across vastly
different surface representations. Research on block-to-text
transfer suggests some knowledge does carry over: program-
ming patterns from Scratch often appear in students’ Python
code (Armoni et al., 2015). While some research (Gomez
et al., 2019) has found that students with prior Scratch ex-
perience made fewer conceptual errors than students without
such experience, other research (Armoni et al., 2015; Grover
et al., 2015; Kazemitabaar et al., 2023; Weintrop et al., 2017)
has found that students with prior Scratch experience bring
misconceptions about loops and conditionals to the new lan-
guage. Studies (Armoni et al., 2015; Gomez et al., 2019;
Kazemitabaar et al., 2023) have also shown that syntax errors
in the new language are a frequent challenge. The shift from
color-coordinated blocks that visually define code structure to
the nuanced syntactic requirements of text-based languages
poses substantial obstacles for novice learners.

Theoretical Accounts of Programming Transfer

Structure-mapping theory (Gentner, 1983) proposes that ana-
logical reasoning involves aligning the relational structure be-
tween two domains. The theory distinguishes between sur-
face features—perceptual attributes like visual appearance,
color, and specific labels—and relational features—abstract
structural relationships and causal connections between ele-
ments. Successful analogical transfer depends on recogniz-
ing shared relational structure despite differences in surface
features. However, humans often judge similarity based on
surface matches rather than deeper relational commonalities,
leading to transfer failure (Gick & Holyoak, 1983).
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' 10 Height = 10

for i in range(10):
Height = Height + 1

print(Height)

-~ @D

eggs = 12

-

<::> if eggs == 12:

print(“That is a dozen eggs")
else:

print("That is not a dozen eggs'
EEVA That is not a dozen eggs

Figure 1: Analogous programming chunks in Scratch (left)
and Python (right) illustrating the concepts of iteration (top)
and conditionals (bottom).

Research on programming transfer suggests that, whereas
experienced programmers are able to transfer at the concep-
tual level despite some syntactic differences (Wu & Ander-
son, 1990), novice programmers focus on syntactic details
when learning new languages (Stefik & Siebert, 2013). This
novice fixation on syntax over context mirrors the surface over
structure bias often exhibited by novices in general research
on transfer and problem solving (Chi et al., 1981). When
code chunks differ in syntactic details they often result in spa-
tial mismatches that are non-intuitive for alignment, such as
Scratch’s repeat block shown in Figure 1. Differences in spa-
tial arrangements have been shown to greatly influence trans-
fer in past research on analogy (Matlen et al., 2020; Simms
et al., 2023; Zheng et al., 2022). Thus, spatial differences in
the syntax and novice’s surface-feature bias suggests a pre-
diction: when text syntax resembles previously learned block
syntax, novices will more readily transfer knowledge; when
syntax differs substantially, transfer may fail even when the
underlying concepts are identical.

The Present Investigation

In the present investigation, we aim to better understand the
extent to which late elementary and middle-school students
can transfer between Scratch and Python, two widely used
languages in computing education. We focus on this age
group as students at this age often switch from block-based to
text-based languages. This work is part of a broader project
that aims to design lessons to support students in transferring
knowledge between these languages.

To these ends, we developed an assessment to measure
transfer with minimal explicit instruction. The assessment tar-
gets students proficient in Scratch but with little to no Python
experience. It provides brief instruction highlighting syntac-
tic similarities and differences between Scratch and Python for
core programming concepts (such as variables, conditionals,
and iteration), then measures students’ ability to solve related
problems in Python (McKee et al., 2025).

Our research questions were the following:

1. With minimal instruction on the similarities and differences
between Scratch and Python, to what extent can students
transfer their Scratch knowledge to solve problems with
analogous code in Python?

2. Does the surface similarity of the syntax predict transfer
from Scratch to Python?

This assessment serves a practical aim in that it indicates
for which concepts instruction should most heavily target for
transfer support. For example, if students transfer readily
for some concepts, it suggests that less instructional time is
needed to support transfer. If students struggle to transfer for
certain concepts, this would indicate where to target instruc-
tional support.

Because our primary aim was to understand transfer be-
tween these naturalistic languages we were not able to system-
atically manipulate similarity. However, to explore whether
surface similarity was associated with transfer, we imple-
mented two strategies: 1) we explicitly asked students to rate
the similarity between Scratch and Python concepts, allowing
us to explore associations between transfer performance are
related to perceived similarity, and 2) to formalize our a pri-
ori predictions we developed a coding scheme that attempted
to quantify the surface differences between the code for each
concept. For each of the survey’s six code chunk pairs used
to illustrate Scratch and Python differences, we mapped sym-
bols between the languages based on the relational structure
and noted whether there were syntactic differences. Syntactic
differences could be instantiated either by mismatches in the
spatial arrangement of analogous symbols (e.g., in Figure 1,
whereas set and to symbols in Scratch correspond with the
= symbol in Python, set appears to the left of the variable
in Scratch), or by symbols that do not share a match with the
other language (e.g., the absence of a repeat arrow in Python in
Figure 1). Research on analogy also suggests that cross map-
pings—when the same objects play different relational roles
across relational systems—are particularly challenging (e.g.,
Markman and Gentner, 1993). Thus, we noted whether each
code chunk contained a cross mapping, a common symbol
that serves a different function across the languages (e.g., the
single = symbol in the iteration examples in Figure 1). Two
members of the research team independently coded the code
chunks and came to 86% intercoder agreement with differ-
ences resolved through discussion. This generated the codes
presented in Table 1.

Table 1: Similarity by Concept.

Concept Syntactic Differences  Cross Mappings
Variable 1 0
Numeric 1 0
Boolean 1 1
Iteration 2 0
Character 2 0
Conditional 2 1
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Figure 2: Self-reported Scratch and Python Experience.

Based on this analysis, we expected that students would be
more likely to transfer for the Variable and Numeric concepts,
and less likely to transfer for the Boolean, Iteration, Strings,
and Conditional concepts.

Methods

Participants

Participants were recruited from a California-based nonprofit
that provides coding instruction to students aged 5—16 through
afterschool programs and camps. The assessment was admin-
istered to late elementary and middle-school afterschool pro-
grams during the 2024-2025 and 2025-2026 school years. A
total of 86 students participated in the assessment. 10 students
were removed from the sample for not finishing the assess-
ment. Students had a mean age of 10.81 years (SD = 1.42)
and 56.58% of students were male.

Assessment

The assessment includes three sections: demographics, self-
reported prior programming experience (see Figure 2), and six
sets of transfer questions on fundamental CS concepts. The
transfer questions consist of 1) a Scratch pre-test item, 2) a
section showing the alignment of Scratch code and equivalent
Python code (see Figure 3), 3) a question to rate how similar
participants think the Scratch and Python code are (Likert
scale: 0 = “Very Different”, 3 = “Very Similar”), and finally
4) three Python questions covering conceptual, semantic, and
syntactic transfer. The assessment was administered by the
instructors of the programs via Qualtrics during a class period.
A researcher was present to oversee the student assent process
and answer student questions.

Results

Psychometric results

Reliability analyses were conducted to evaluate the internal
consistency of the assessment using Cronbach’s alpha. A co-
efficient of .65 or greater was considered acceptable. The

Here is Python code that does the same thing as the Scratch code.

W) Color = "Green"
print(Color)

CRCT.)  Color = "Blue”
print(Color)

Instead of "set", Python just uses "=" to declare a variable.
And instead of "say", Python uses "print".

"Green"

printtColor)
Color = "Blue"

print(Color)

While Scratch uses blocks, Python uses lines of text. Like

with Scratch, the variable name is on the left and the value
is on the right. Unlike Scratch, when making the value of a
variable a word, the word goes into quotation marks.

\/[:::] (Effﬂ][Color = "Green"]
print(Color)
[:::] ( Color = "Blue"
m print(Color)

Figure 3: Alignment instructions for variable declaration.
First students are presented with equivalent Scratch and
Python code (top), then lexical comparison is presented for
that code (middle), and finally the syntax is compared (bot-
tom).

complete transfer assessment demonstrated high internal con-
sistency, with Cronbach’s alpha of @ = .84, suggesting reliable
measurement of programming knowledge. Item-total corre-
lations for all items exceeded the acceptable threshold, and
removal of any single item did not result in improved reliabil-

1ty.

Subscale analyses indicated that the Python subscale (18
items) demonstrated good reliability (¢ = .80). One item
assessing syntactic transfer for iteration was negatively corre-
lated with the remaining items (item-total correlation r = -.04)
and was commonly answered incorrectly. Excluding this item
slightly increased the subscale reliability to @ = .81.

The Scratch subscale (6 items), however, exhibited lower
internal consistency (@ = .54). Removing one item related to
Boolean logic, which showed poor item-total correlation (r =
.01), increased the subscale’s reliability to @ = .62. Although
this subscale has a relatively low alpha, this is at least partially
attributable to the limited number of items. The average
inter-item correlation of the 5-item subscale is .25, which is
generally considered acceptable.

These findings indicate that the assessment provides ro-
bust measurement of students’ conceptual understanding of
Scratch and Python for exploratory research, though the
Scratch subscale may benefit from further refinement to im-
prove reliability.
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Assessment results

Similarity Scores A multiple linear regression was con-
ducted to examine the predictors of total Python scores based
on total similarity ratings and levels of previous Python ex-
perience. If similarity scores are positively associated with
overall Python performance, students who recognize the sim-
ilarities between languages transfer more. The model was
significant, F(4, 71) = 5.45, p < .001, R? = 23. Of the indi-
vidual predictors, total similarity rating (¢t = 3.39, p = .001)
and students reporting "a little" experience in Python com-
pared to no experience (¢ = 2.60, p = .011) were significant,
but neither "a moderate amount” (#=0.86, p = .39) nor "a lot"
(t = -0.08, p = .94) of Python experience were statistically
significant predictors of Python scores. Similarity ratings and
limited prior Python experience are significant contributors
to Python scores, while more extensive experience does not
show a statistically significant impact. This suggests that stu-
dents who see more similarity between the languages transfer
more overall.

Transfer by Programming Construct Multiple regression
analyses were used for each construct to test if students’ score
on the Scratch item predicted their performance on the Python
items for that construct. If students are able to transfer their
knowledge to the new language, we would expect to see a pos-
itive relationship between construct-specific Scratch scores
and Python scores. For all constructs except for Boolean
logic, Scratch scores were a positive and statistically signifi-
cant predictor of Python performance (see Table 2).

Total Scratch score was then added to the model as a
predictor to control for general programming ability. Total
Scratch score was statistically significant for all constructs
except for variable declaration (Table 3). In this model,
construct-specific Scratch score was not statistically signif-
icant. These results suggest that general programming ability
was a stronger predictor than scratch score on the concept of
Python performance.

Finally, students’ similarity rating for the construct was
added to the model, as an interaction with total Scratch score
(see Table 4). If the interaction between these two predictors
was positively related with Python performance, this would
suggest that students who answer the Scratch pre-test item
correctly perceive greater similarity between the code seg-
ments, an indication they may be solving python questions
based on relational correspondences. This interaction, how-
ever, was only statistically significant and positive for variable
declaration, but not for the remaining constructs.

For all constructs, a higher proportion of students who an-
swered the Scratch pre-test item correctly achieved full trans-
fer (all three items answered correctly) or partial transfer (two
items answered correctly) to Python than of those who did not
(see Figure 4 and Figure 5).

Of the constructs with higher surface similarity (i.e., vari-
able declaration and numeric operations), a subset of students
who answered the Scratch pre-test item correctly achieved full
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Figure 4: Python Scores by Construct (Scratch Correct)
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Variables Numeric Characters Booleans Conditionals Iteration

Construct Seratch Score. 027 0.69*  0.84 ** 0.06 0.56 ** 0.54 *
(0.18) 0.28)  (0.31) (0.25) (0.24) 0.21)

Constant 1.66 *#%  1.63 %% .62 * 1.35 %8k [ ]7 #kx 1.05
(0.13) (0.14)  (0.28) (0.14) (0.19) (0.15)

Table 2: Results of a linear regression model testing the relationship between construct-specific Scratch scores and Python
performance. (*** p < 0.001; ** p < 0.01; * p < 0.05)

Variables Numeric Characters Booleans Conditionals Iteration

Total Seratch Seore 0.11 0.36 **% (.28 ** 0.32 ##%  ().3] %% 0.20 **
(0.06) 0.09)  (0.09) (0.07) (0.09) (0.09)

Construct Seratch Score 019 0.27 0.47 0.04 0.27 0.23
(0.18) 027)  (0.32) (0.22) (0.23) 0.22)

Constant 142 #%% 073 %% 030 0.49 * 0.61%* 0.45
(0.19) 0.26)  (0.29) (0.23) (0.24) (0.23)

Table 3: Results of a multiple regression model testing the relationship between total Scratch scores, construct-specific Scratch
scores, and Python performance. (*** p < 0.001; ** p < 0.01; * p < 0.05)

Variables Numeric Characters Booleans Conditionals Iteration

Total Scratch Score 0.11 0.36 ***= (.30 ** 0.32 #kx .27 ** 0.31 **
(0.07) (0.09) (0.09) (0.07) (0.09) (0.09)
Construct Scratch Score -0.86 0.44 0.91 -0.04 -0.20 0.36
(0.57) 0.91) (0.67) (0.65) (0.65) (0.55)
Construct Scratch Score:Similarity Rating 0.54 0.1 0.33 0.09 0.20 -0.03
’ (0.27) 0.41) (0.36) (0.33) (0.32) (0.28)
Constant 1.92 #+% 047 **  -0.50 0.55 0.57 0.68
(0.43) (0.42) (0.59) (0.52) (0.48) (0.25)

Table 4: Results of a multiple regression model testing the relationship between total Scratch scores, construct-specific Scratch
scores, their interaction with similarity ratings, and Python performance. (*** p < 0.001; ** p < 0.01; * p < 0.05)
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or partial transfer to Python. For variable declaration, 55.6%
of students answered the Scratch item correctly, 22.5% of
whom achieved full transfer compared to 9.4% of those who
did not pass the Scratch pre-test answering all Python ques-
tions correctly. For numeric operations, while only 26% of
students answered the Scratch item correctly, more than half
(57.9%) of this group achieved full transfer to Python, com-
pared to 4.2% of those who did not pass the Scratch pre-test.
Most students had the same misconception on the Scratch pre-
test: 54.7% selected an answer where the variable stored an
expression (e.g., “2 + 3”) rather than a calculated value (e.g.,
“57).

Of the constructs with lower surface similarity, 20.3% of
students who answered the Scratch pre-test correctly achieved
full transfer for character operations and 27.7% for condition-
als, compared to none and 4.2%, respectively, from those who
did not pass the Scratch pre-test. For Boolean logic, students
who answered the Scratch pre-test accurately showed similar
proportions of failed, partial, and full transfer as those who did
not. The same misconception from numeric operations was
seen with this construct: more than half of students (54.2%)
chose unevaluated expressions in Scratch, and a similar pro-
portion (48.6%) made this error in Python.

For iteration, 14.7% of students achieved full transfer of
those who accurately answered the Scratch item, while no
students in the comparison group did. Many students (41.7%)
also selected the unevaluated expression in this Scratch pre-
test. In Python, common errors included omitting iteration
altogether (32.4%) or printing only the final variable value
(30.9%). Most (69%) students answered the conceptual ques-
tion correctly, tracing the loop successfully when no variable
updating was required.

Discussion

With minimal instruction on the similarities and
differences between Scratch and Python, to what
extent can students transfer their Scratch knowledge
to solve problems with analogous code in Python?

Transfer with minimal instruction was not robust. Though
scratch score on the tested construct predicted scores on
that construct, Scratch score as an indicator of general pro-
gramming ability was the best predictor of construct-specific
Python performance. These results suggest that general
programming ability determined Python outcomes and that
students were not consistently transferring construct-specific
knowledge from Scratch.

These results align with previous studies showing trans-
fer difficulties between block-based languages when learning
a text-based language (Armoni et al., 2015; Grover et al.,
2015; Kazemitabaar et al., 2023; Weintrop et al., 2017). Even
with explicit instruction on the similarities and differences be-
tween the concepts, students struggled to transfer knowledge
robustly. This indicates that students need greater scaffolding,
likely utilizing techniques from the analogical literature (e.g.,
Vendetti et al., 2015) to benefit from their prior knowledge

when learning related concepts in a new language.

Does the surface similarity of the syntax predict
transfer from Scratch to Python?

Total similarity ratings had a significant positive relationship
to Python scores, suggesting that students who see more sim-
ilarity between the languages also perceive the structural sim-
ilarities.

However, given that construct-specific Scratch knowledge
was not a predictor of Python performance, our results do not
show that students transferred more for constructs with high
surface similarity in comparison to those with low surface
similarity. However, comparisons involved between a single
pair of languages with a low amount of variation, thus, the
lack of transfer by similarity does not rule out the possibility
that transfer might differ when comparing between multiple
language pairs that differ in similarity. The interaction of
similarity ratings and construct-specific Scratch score was a
predictor of transfer for variable declaration, one construct
with high surface similarity. For the other constructs, surface
similarity ratings were not found to be a significant predictor
of Python performance. Students need more instruction to
develop the structural mappings necessary to transfer reliably,
even for constructs with high surface similarity.

We are in the process of conducting other studies to further
make sense of these findings, including cognitive interviews
with the same items. This data will allow us to take a deeper
look at how students perceive similarity between problems
during transfer opportunities.

Limitations

Given that this study investigated transfer between naturalistic
programming languages, traditional experimental manipula-
tion was not possible. However, qualitative analysis of student
errors shows that some Scratch pre-test items included com-
mon misconceptions when the corresponding Python items
did not, for instance, with the numeric operations construct
items. Previous research (Kohn, 2017; Zanko et al., 2023)
found that students commonly believe that variables store the
expression rather than the calculated value, such as was the
case in our data. This misconception was also present in
the Boolean logic items, where about half of students se-
lected the unevaluated expression in both Scratch and Python.
Thus, future research could include assessment items that in-
clude common coding misconceptions in Scratch pre-test and
Python transfer questions for each construct.
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