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Abstract

- Abigail J. Bergman? - Marina U. Bers?

This randomized controlled trial examines the impact of two virtual professional development (PD) models (expert-led
vs. peer-led) on teachers’ skills and self-efficacy and subsequent effects on students’ coding growth. Over two years, 81
teachers and 1,623 students participated in a coding curriculum for K-2. Data collection included coding assessments,
surveys, and focus groups. Results show significant improvements in teachers’ coding skills, particularly with peer-led
models, and a downstream effect on students’ coding growth. No significant change was observed in teachers’ self-efficacy.
Implications include exploring tailored PD for diverse backgrounds and improving PD design to address teachers’ con-
cerns, informing effective, sustainable PD strategies for CS education.
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Introduction

Integrating coding and computational thinking (CT) into
early childhood education is becoming essential for prepar-
ing children aged 5-8 for a future driven by digital inno-
vation (Alrawashdeh et al., 2024; Bers, 2017). This shift
is underscored by a growing body of research that, while
historically focused on older students, now emphasizes
the importance of teaching these skills to younger children
(Tang et al., 2020; Wakil et al., 2019). In response, educa-
tional frameworks worldwide are adapting. In Europe, ini-
tiatives like the Informatics for All coalition advocate for
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integrating computer science (CS) and informatics into
schools, guided by the International Society for Technology
in Education’s Computational Thinking Competencies'.
Similarly, the United States is incorporating CT into cur-
ricula, as evidenced by the Next Generation Science Stan-
dards (NGSS Lead States, 2013).

However, integrating CS into early childhood education
faces a significant challenge, as few elementary school teach-
ers receive formal training in this area (Bower & Falkner,
2015; Broley et al., 2023; Corradini et al., 2017; Kaya et al.,
2019; Mouza et al., 2022). This struggle is often rooted in
a lack of pedagogical and content knowledge (Codding et
al., 2021; Kong & Wong, 2017; Mouza et al., 2022; Wang
et al., 2020), impacting teachers’ confidence (Singh, 2018).
Professional development (PD) involving active participa-
tion is highly effective in enhancing teachers’ self-efficacy
(TSE), attitudes, and knowledge (Mason & Rich, 2019).
While emerging evidence suggests a positive correlation
between teachers’ competence and confidence and student
achievement (Mok & Moore, 2019; Swarnalatha, 2019),
research in this area remains limited, highlighting a gap not
only in CS education but also in the broader educational

' To learn more visit https:/iste.org/standards/computational-thinki

ng-competencies and https://www.informaticsforall.org/#:~:text=Info
rmatics%20for%20A11%20is%20a,a%20foundational %20discipline%
20in%20schools.
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landscape (Copur-Gencturk et al., 2024; Lauermann & ten
Hagen, 2021).

Further, compared to other subjects, there has been rela-
tively less focus on PD efforts and studies aimed at intro-
ducing CS concepts to elementary classrooms (Mcinerney,
2021). Recent initiatives have predominantly concentrated
on preparing pre-service teachers, who are typically more
technologically adept, leaving a notable gap in addressing
the needs of in-service teachers (Rich, Mason et al., 2021b).
Further, in-service teachers face various challenges in
attending PD sessions, including high workloads, financial
constraints, scheduling challenges, and difficulties organiz-
ing substitute classes (Butt et al., 2021; Krille, 2020). Virtual
PD emerges as a promising solution, providing flexible and
sustainable opportunities, especially during the COVID-19
pandemic (Bragg et al., 2021). One effective approach to
virtual PD is the train-the-trainer model. This involves train-
ing a small group of educators who then teach their peers,
which not only reduces costs but also supports the long-term
sustainability of PD programs (Hassler et al., 2018; Camp-
bell, 2014).

Acknowledging these gaps, our research aims to provide
insights into the effects of integrating CS in early child-
hood education. Specifically, our evaluation centers on
the effects of two virtual training (expert-led vs. peer-led;
train-the-trainer) aimed at enhancing teachers’ pedagogi-
cal and content knowledge, alongside their self-efficacy
in implementing a coding curriculum named Coding As
Another Language (CAL; see Appendix for curriculum
details). Additionally, we assess the impact of the interven-
tion (training vs. no training) on students’ coding skills to
inform the creation of effective and universally applicable
training programs for foundational CS. This evaluation
also incorporates teachers’ perceptions of the training and
concerns about curriculum implementation, as revealed
through focus group discussions. Our investigation employs
a randomized controlled trial, with teachers in the treatment
condition receiving the training (expert-led vs. peer-led),
guided by three research questions:

— RQI1. What are the effects of two virtual CS PD models
on K-2 teachers’ self-efficacy and coding skills?

— RQ2. Does improvement in teachers’ coding skills
as a result of the training impact students’ coding
proficiency?

— RQ3. How do insights from K-2 teachers’ focus groups
provide explanations for the effects of the PD training
on teachers’ self-efficacy, coding skills, and their impact
on students’ coding proficiency?

@ Springer
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While CS encompasses a broad range of topics in elemen-
tary education, this paper specifically focuses on CT and
coding skills. CT involves the thought processes of fram-
ing problems and devising solutions that can be executed
by a computer, human or machine (2006, 2010, 2019). This
encompasses skills like deconstruction, abstraction, pattern
recognition, and algorithmic thinking (Hudin, 2023; Mon-
tuori et al., 2024; Wing, 2011). Coding, on the other hand,
involves creating instructions for a computer-based entity to
follow (Egbert et al., 2021).

Integrating both coding and CT in learning environ-
ments not only fosters logical reasoning, sequencing, and
structuring, but also enhances creativity and critical think-
ing across subjects (Blake-West et al., 2024; Fraillon et al.,
2020; McCormick & Hall, 2022; Papadakis, 2020; Roman-
Gonzalez et al., 2017). For instance, emerging evidence
shows that these skills positively impact reading and writ-
ing, improving students’ ability to apply logical reason-
ing in their written work (Delacruz, 2020; Thompson &
Childers, 2021). In response, the revision of CT standards
by the Computer Science Teachers Association and Interna-
tional Society for Technology in Education now emphasizes
the integration of CT across diverse subject areas, moving
beyond its traditional focus within CS education (CSTA,
2017).

Early integration of CT and coding activities also fosters
a deep interest in STEM and influences learning trajectories
(Aivalogou & Hermans, 2019; Burack et al., 2019; Master
et al., 2017; Mihm, 2021; Rosson et al., 2011; Tai et al.,
2006). Substantial research shows that this early integration
helps reduce disparities in STEM interest and self-efficacy,
particularly among historically underrepresented groups
(Master et al., 2017; Miller et al., 2018; Witherspoon et al.,
2017), highlighting the significance of introducing coding
activities early in education (Montuori et al., 2024).

Teacher Self-efficacy

The integration of coding and CT into curricula highlights
their growing importance in education (Mills et al., 2024).
However, a shortage of K—12 educators proficient in these
subjects persists (Mason & Rich, 2019). Key challenges
include gaps in subject knowledge among elementary teach-
ers, who often teach CS concepts without formal qualifi-
cations (Mcinerney, 2021; Menekse, 2015), limited PD
opportunities, and inadequate post-training support (Mason
& Rich, 2019; Sentence & Csizmadia, 2017; Yadav et al.,
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2016). Even trained teachers frequently lack the self-effi-
cacy to teach CS effectively (Rich, Larsen et al., 2021a).

Self-efficacy, rooted in Social Cognitive Theory, denotes
an individual’s belief in their ability to perform a specific
action or achieve a particular outcome in a given situa-
tion (Bandura, 1985). This belief, shaped by perceptions
of skills, knowledge, and past experiences, can influence
academic success, motivation, and resilience (Bandura,
2008). Research underscores the significant impact of self-
efficacy on the selection of learning strategies and academic
performance across various contexts and age groups, with
a pronounced effect observed in STEM subjects (Huang et
al., 2022; Nissen & Shemwell, 2016; Skaalvik et al., 2015;
Usher et al., 2019).

Teacher self-efficacy refers to a teacher’s belief in their
ability to achieve desired outcomes, including student
engagement and learning (Yesilyurt et al., 2016). Research
across various STEM disciplines indicates that TSE holds
equal importance to their actual knowledge and skills, influ-
encing teaching practices and student outcomes (Copur-
Gencturk et al., 2024; Ertmer et al., 2012; Tschannen-Moran
& Hoy, 2007; Zhou et al., 2020). Rich et al. (2021a, b)
emphasized the crucial role of TSE in effective coding
instruction, noting that a lack of TSE can hinder elemen-
tary teachers’ ability to teach coding effectively. In contrast,
teachers at the middle and high school levels typically dem-
onstrate higher self-efficacy in CS instruction compared to
their elementary counterparts (Schwarzhaupt et al., 2021).

Drawing upon mastery experiences can enhance self-
efficacy (Bandura, 1985, 2008; Tschannen-Moran & Hoy,
2007). Zhou et al. (2023), for instance, found a strong over-
all effect size (g=0.64, p<.01) of a STEM PD training on
K-12 TSE. Additionally, observing competent demonstra-
tions, particularly from relatable peers, can positively influ-
ence self-efficacy, as individuals tend to identify with those
who reflect aspects of their own identity (Bandura, 1997). In
a study by Kelley et al. (2020), science teachers experienced
an increase in self-efficacy after participating in PD sessions
held within a community of practice. However, despite its
significance, there remains a limited body of research spe-
cifically focusing on TSE in CS education (Zheng et al.,
2019).

Virtual Professional Development

The shortage of formal CS qualifications among elemen-
tary educators (Mcinerney, 2021; Menekse, 2015) has high-
lighted the need for targeted PD to boost their confidence in
teaching computing and engineering concepts (Rich et al.,
2017). Well-designed PD programs have proven to increase
TSE and improve teaching practices. For example, Mcin-
erney et al. (2020) observed increased confidence in using

CS tools after a six-day training, while HuBner et al. (2024)
found that hands-on learning during PD improved both TSE
and teaching practices.

However, traditional PD formats, while valuable, often
present challenges for in-service teachers, who face obsta-
cles like scheduling conflicts, heavy workloads, and tight
budgets (Butt et al., 2021; Krille, 2020). Virtual PD, by
contrast, offers a flexible and accessible solution that allows
teachers to engage in meaningful professional learning with-
out these barriers (Alrawashdeh et al., 2024). This approach
aligns well with the growing prominence of remote learning
(Braggetal., 2021), providing an opportunity for teachers to
enhance their knowledge, attitudes, and teaching effective-
ness (Chen & Cao, 2022; Lawrence & Ogundolire, 2022).

Synchronous virtual training sessions led by experts offer
the advantage of eliminating travel time while enabling
teachers from different locations to participate without dis-
rupting their schedules (Alrawashdeh et al., 2024). When
peer teachers lead synchronous or asynchronous virtual
PD, this model becomes even more flexible. This approach
empowers a teacher to guide their colleagues, fostering col-
laboration while leveraging the expertise within the school
or district. As noted by Hassler et al. (2018) and Campbell
(2014), this train-the-trainer approach is not only cost-effec-
tive but also supports the long-term sustainability of PD
programs. However, there is limited research comparing the
effectiveness of these virtual models in enhancing coding
competence and self-efficacy among elementary educators.

Similarly, the connection between TSE and student
achievement remains complex, with some studies suggest-
ing a positive correlation (Mok & Moore, 2019; Swarnal-
atha, 2019) and others finding no direct link (Jerrim et al.,
2023). Interestingly, Li et al. (2022) found that subject-spe-
cific PD, such as science-related programs, combined with
attendance can positively impact student outcomes. Copur-
Gencturk et al. (2024) also found significant gains in student
learning after an asynchronous PD program for math teach-
ers. Our study seeks to address these gaps by employing
two synchronous virtual training options and examining the
downstream effects of teacher PD on student outcomes.

PD Conceptual Framework

The PD program in this study focused on content knowl-
edge (CK) and pedagogical content knowledge (PCK;
Loewenberg Ball et al., 2008), targeting teachers’ expertise
in subject matter, teaching methods, and selecting appropri-
ate CS instructional strategies (i.e., heuristic strategies; Hill
& Loewenberg Ball, 2004).

For CK, we emphasized teachers’ comprehension of the
conceptual foundations of the content and their ability to

@ Springer
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problem-solve through reasoning and evaluation. PCK drew
on Shulman (1986) and Copur-Gencturk and Tolar (2022)
work to encompass understanding student challenges,
learning patterns, and using instructional tools and methods
effectively. While CK and PCK are essential for instruc-
tional quality and student performance across subjects
(Gess-Newsome et al., 2019; Iserbyt et al., 2017; Konig
et al., 2021; Kulgemeyer & Riese, 2018), novice teachers
often prioritize PCK, whereas experienced educators inte-
grate technological knowledge with pedagogy (Zheng et al.,
2019). Research on online PD for elementary teachers in
China, for instance, reveals disparities in practical knowl-
edge between experts and novices (Sun et al., 2023). This
suggests that future PD programs should address the vary-
ing needs and interests of teachers at different career stages.

While the participating teachers in this study had an
average of 14.5 years of experience, only 19% had post-
secondary STEM backgrounds, and 41% had some experi-
ence with coding, highlighting the need for CS-specific PD
for this population. In Zhou et al.’s study (2020), teachers
who engaged in a nine-week hybrid PD program saw a sig-
nificant increase in both CK and PCK. This underscores the
potential benefits of targeted PD in enhancing educators’
skills and readiness to teach CS effectively.

As such, our PD program followed Darling-Hammond’s
(2017) design, incorporating elements to transform teacher
knowledge, practices, and beliefs through hands-on cod-
ing and pedagogical approaches (Mason & Rich, 2019).
The content-specific sessions addressed both student and
teacher needs, introducing key subject matter and technol-
ogy through hands-on activities and facilitator modeling.
This involved gaining familiarity with the block-based pro-
gramming language ScratchJr 2 to bridge the gap between
theoretical knowledge and hands-on skills. Teachers were
also introduced to the four pedagogical frameworks that
form the foundation of the CAL? curriculum used in the
participating schools.

The training also placed a strong emphasis on enhanc-
ing teachers’ understanding of common student struggles
through reflections, recognizing patterns in their learning,
and the ability to select or adapt activities and respond to
students’ needs based on their level of understanding. Addi-
tionally, participating teachers actively engaged in reflective
practices concerning lesson implementation in their class-
rooms, sharing valuable insights about general implementa-
tion strategies. The training allowed flexibility for teachers
to choose sessions based on their preferences, fostering

2 ScratchJr has been found to be effective in cultivating both CT and
coding proficiencies, even among preschool students (e.g., Louka &
Papadakis, 2024).

3 These are: coding as a playground, coding as another language, cod-
ing as a bridge, and coding as a palette of virtues.

@ Springer

collaboration and idea exchange among colleagues who
attended sessions on the same days. Learning was sustained
through weekly check-ins following the conclusion of the
PD. Figure Al in the appendix offers an overview of the
topics covered during the training sessions.

The Virtual PD Training Models

As previously mentioned, we delivered the PD program vir-
tually and synchronously, using two distinct models, each
informed by key studies. Model 1, expert-led (4 h), focused
on building foundational CK and PCK. Model 2, peer-led
(up to 6 h), built on the first model by having participants
from Model 1 lead the PD the following year after receiv-
ing training. This ‘train the trainer’ model emphasized the
power of observing competent demonstrations from relat-
able peers. Bandura (1997) highlights how this approach
can positively influence self-efficacy.

Model 2 expanded on Model 1 by offering additional
support and networking opportunities, fostering a strong
professional learning community. We hypothesized that
allowing time for sharing teaching strategies and resource,
as well as networking opportunities would positively impact
TSE and other affective states, subsequently influencing stu-
dent outcomes (Copur-Gencturk et al., 2024; Eells, 2011;
Hill & Loewenberg Ball, 2004; Warner et al., 2019). For
instance, in Frumin et al.’s study (2018), in-service teach-
ers engaged in an online PD community for STEM-related
subjects reported that the provision of networking opportu-
nities, resource sharing, and strategy exchange helped miti-
gate feelings of isolation.

Model 2 is similar to an Australian PD program where
teachers co-taught with computing professionals, gradually
gaining independence (Williams et al., 2020). In the first
term, the expert delivered content, modeling coding con-
cepts, while in the second term, the teacher led with the pro-
fessional assisting. Teachers reported increased competence
and confidence as they gradually took charge.

Both models align with Darling-Hammond’s (2017)
principles for effective training: collective participation,
active learning, coherence, and content focus (Avalos, 2011;
Darling-Hammond et al., 2017; Desimone, 2009; Guskey &
Yoon, 2009; Odden & Picus, 2014). Additionally, research
on equity-focused PD (e.g., Codding et al., 2021) reinforces
the importance of promoting diverse instructional practices,
which resonates with the overall PD and curriculum goals.
The CAL curriculum actively promotes gender equity and
representation of minorities in STEM. This is achieved
through featuring diverse role models in the lessons, and
highlighting the contributions of women and minorities to
STEM advancements. By promoting CS experiences and
gender equity, our program reflects research advocating for
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these strategies to empower women in STEM (Hinckle et
al., 2020).

The training duration of 4-6 h was determined based on
stakeholder preferences. This decision was rooted in the rec-
ognition that educators often have limited time availability
and competing demands on their schedules. By condensing
the training into focused sessions, we aimed to maximize
participant engagement and retention of key concepts while
accommodating educators’ busy schedules. Studies evaluat-
ing brief-duration PD sessions have shown their effective-
ness in achieving learning objectives when appropriately
designed (Bonner et al., 2019; Codding et al., 2021; Lauer
etal., 2014; Mog¢, 2021; Simmonds et al., 2021).

Methods

The two synchronous PD training models were imple-
mented over two consecutive years, spanning from 2021 to
2023. The study was conducted in public schools across two
New England states in the US, denoted as State A and State
B. This study is part of a larger investigation where eligible
schools from both states were randomly assigned to either
the treatment group (76% of schools), receiving teacher
training and implementing the curriculum in the 2021-2022
school year, or the delayed treatment group (24%), receiv-
ing training in the subsequent year (2022-2023 school year).
Details regarding the randomization and eligibility criteria
are outlined in the Appendix.

A comprehensive analysis of the trial’s effect on student
outcomes, including numeracy and literacy accounting for
demographic variables is presented in previous (masked
for review) and upcoming publications. The present study
focuses solely on the impact of the PD training on teach-
ers’ skills and perceptions and how this, in turn, affects
students’ coding abilities. While the control group teachers
received the treatment in the second year, we did not collect
data from this group during that time. Instead, we collected
data from teachers in the same control schools who had not
participate in the first year. These new teachers were allo-
cated to the treatment condition. This approach ensured an
exclusive allocation of participants. Approval for the study
was obtained from the Institutional Review Board at Boston
College [protocol number #23.063.01].

Model 1, conducted in the first year, involved sessions
led by an experienced trainer from the research team, com-
prising two two-hour sessions via Zoom (4 h in total). In the
second year, Model 2 was introduced, facilitated by teach-
ers trained as CAL trainers. Model 2 extended the duration
up to six hours to allow time for more discussions among
attending teachers on teaching strategies, resource sharing,
and networking opportunities. CAL trainers collaborated

with technical and project coordinators to develop supple-
mentary materials such as lesson slide decks, instructions,
and tips. These resources were then distributed to partici-
pating teachers by the coordinating teams at each research
site. Continuous support was also provided by the research
team and a district-level project coordinator throughout the
implementation phase. This support included regular email
communications and weekly drop-in support sessions. Fig-
ure 1 offers an overview of the distinctions between the
training models.

Tools

The validated Coding Stages Assessment (CSA; de Ruiter
& Bers, 2022) was used to measure both teacher and student
knowledge of coding in Scratch]r (reliability: Guttman’s A
6=0.94). This 25-question assessment (details in Appen-
dix) was administered before and after the intervention for
both the treatment and control groups. To administer the
CSA assessment, independent research assistants, trained
separately and blinded to the study design, conducted one-
on-one Zoom assessments. An external evaluation group
collaborated with school coordinators to ensure unbiased
selection of these assistants. Fleiss’ Kappa was calculated to
assess the inter-rater reliability among the assistants, indi-
cating substantial agreement between the assistants’ judg-
ments, k=0.656, z=132, p<.001.

TSE in teaching coding was gauged using a pre- and
post-training survey (6 items, 5-point Likert scale). The
Appendix contains a list of these items and their respective
sources. Demographic information (gender, years of teach-
ing experience, coding/STEM background, etc.) was also
collected. To gain deeper insights, semi-structured focus
groups (45 min) were conducted after training and imple-
mentation to explore teachers’ perceptions of the training
and curriculum (refer to Appendix for the protocol). A
member of the research team facilitated these discussions.
Finally, lesson logs were used to track fidelity of implemen-
tation. Figure 2 summarizes the data collection instruments
used for both teachers and students.

Sample

Following an initial eligibility screening of 44 schools, 140
K-2 teachers from 33 schools were invited to join the study
by the state department of education. Using stratified ran-
dom sampling to minimize within-school contamination, ten
schools from State A and six from State B were assigned to
the treatment group. However, two schools withdrew before
implementation began. Of the 114 teachers who initially
consented to participate, 10 did not take the baseline coding
assessment, and 14 did not complete the endline assessment,

@ Springer
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Fig.1 An Overview of the Synchronous PD Training Models
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Fig.2 An Overview of the Larger Project and Data Collection Instruments and Timeline

@ Springer

Coding Stages

Assessment
(CSA)

Focus
Groups

Survey

+ Assesses knowledge of
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« Scores are weighted (0-39)
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individual lesson
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* Asks teachers about
efficacy, challenges in
implementation, usefulness
of resources and the training
in general

* 5-15 minutes administered
online via Qualtrics

* Virtual professional
development training done by
research team in year one of
the study (total 4 hours) and
by peer-teachers in year 2 (up
to 6 hours)
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resulting in a 13.5% attrition rate. This attrition was primar-
ily due to teacher turnover, COVID-related disruptions, and
time constraints. Additionally, in some schools, curriculum
implementation was taken over by specialists, either tech-
nology (n=5) or inclusion (n=4), who assisted the trained
teachers. Analysis of baseline coding scores revealed no
significant difference between teachers who completed the
study and those who withdrew, #(111)=0.78, p=.436.

Of the 2,196 students who consented to participate, 66
did not complete the baseline assessment, and 434 students
(whose teachers dropped out) did not complete the endline
assessment, resulting in an attrition rate of 20.6%. Baseline
coding scores showed no significant difference between

Table 1 Frequency table for teachers (n=81) and Students (n =1,623)

Participants
Teachers Students
Variable Level n % n %
Project Year Year 1 42 52 891 55
Year 2 39 48 733 45
Condition Treatment 62 76 1224 75
Control 19 24 399 25
Site State A 34 42 625 39
State B 47 58 998 61
Gender ‘Woman 76 94 740 51
Man 2 2 703 49
Unreported 3 4 0 0
Race/Ethnicity ~ White 57 70 839 58
Hispanic 6 7 309 21
Black or African 8 10 143 10
American
Mixed 4 5 79 5
Asian 3 4 65 5
Native American/ - - 8 1
Alaska Native
Unreported 3 4 - -
Teacher PD Model 1 38 47 791 49
Model Model 2 31 38 569 35
Model 3 12 15 263 16
Teacher Post- No 63 81 — —
secondary Yes 15 19 _ _
STEM
Background
Teacher No 46 59 - —
Prior Coding Yes 32 41 _ _
Experience
Student Grade K - - 495 30
1 - - 470 29
2 - - 659 41
Student SES No - - 993 69
(Low) Yes - - 450 31
Student ELL No - - 1226 85
Yes - - 217 15
Student LEP No - - 1201 83
Yes - - 242 17

students who remained and those who withdrew, #(2110) =
—0.84, p=.400.

Given the focus of this paper, the analytical sample
includes data from teachers who implemented the curricu-
lum themselves (#=81), and their students (n=1,623). As
a result, the analytical sample is less balanced than origi-
nally intended. Among these 81 teachers, 5 from State A and
11 from State B participated in focus groups post-training,
while 4 from State A and 13 from State B participated post-
implementation. Detailed information on the sampling pro-
cess, allocation to treatment conditions, and handling of
missing data is available in the appendix.

The majority of the 81 teachers were identified as women
(94%), White (70%), and from State B (58%), as detailed
in Table 1. Similarly, student demographics, also shown
in Table 1, revealed a White majority (58%) from State B
(62%) with high socioeconomic backgrounds (69% not
qualified for free/reduced lunch). 15% were English lan-
guage learners (ELL) and had individualized educational
plans (IEP). Importantly, students were unaware of their
assigned condition (treatment or control).

Analysis

To address the research questions, we conducted a multi-
step analysis. Factor analysis with Promax rotation vali-
dated the self-efficacy construct. Assumptions, analysis and
results are available in the Appendix. We then normalized
the coding and TSE composite scores to a 0-100 scale to
facilitate meaningful comparisons and analyses. To quan-
tify the improvement in coding skills and self-efficacy from
baseline to endline, we calculated the score difference for
each participant by subtracting the pre-assessment score
from the post-assessment score. We refer to the students’
coding improvement as SCI, teachers’ coding improvement
as TCI, and teachers’ self-efficacy improvement as TSE.
Following this data preparation, we ran a path model
to explore the effects of the PD training on TCI and TSE
(RQ1). We also investigated the relationship between TCI
and SCI (RQ2). Mediation tests were conducted to evalu-
ate these effects, considering both full and partial mediation,
with a significance level (alpha value) set at 0.05 (Gunzler
et al., 2013; Preacher & Hayes, 2004; Zhao et al., 2010). To
account for initial abilities, we included baseline scores in
the model as covariates. For a visual representation of the
path model, refer to Fig. 4 and see appendix for assumptions.
To determine the standard errors for the path parameter
estimates, we conducted Bootstrapping with 100 iterations,
obtaining comparable results in sensitivity analysis with
Maximum Likelihood estimation. To assess the reliability
of the path model, we considered the V:q ratio. Our analysis,
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Fig. 3 Reflexive Thematic Analysis Steps for the Focus Groups

Table 2 Descriptive statistics for teachers (n=_83) and students’ (n=1623) Coding and TSE scores by condition and time

Participant Variable Condition Baseline Endline
M SD SE,, M SD SE,,
Teacher Coding Treatment 32.56 26.70 3.39 57.54 30.87 3.92
Control 26.85 29.53 6.78 42.96 37.58 8.62
Teacher TSE Treatment 43.55 27.53 3.50 72.45 14.10 1.79
Control 4522 27.21 6.24 72.37 14.91 3.42
Student Coding Treatment 21.35 15.30 0.44 59.36 26.63 0.76
Control 29.08 17.48 0.88 59.67 25.23 1.26

M mean; SD Standard deviation; SE,, Standard Error of the Mean

with a participant-to-item ratio of approximately 135 to 1,
involving a sample size of 1623 and 12 variables, met the
recommended N:q ratio (Kline, 2016; Schreiber et al., 2006).
While the Chi-square statistic is a commonly used measure
for path model fit, it is sensitive to sample size (Hooper et
al., 2008). Therefore, additional fit indices were considered
alongside the Chi-square test, including RMSEA, CFI, and
SRMR. Data analysis was performed in R Statistical Soft-
ware (Version 2023.06.1+524).

To gain deeper insights from the focus group discussions
regarding the PD training (RQ3), we employed a Reflexive
Thematic Analysis (RTA) approach (Braun & Clarke, 2006)
after transcribing the interviews. RTA’s strength lies in its
theoretical flexibility, allowing a wider range of themes
to emerge organically, aligning with our study’s goal of
generating themes for focused discussion of the quantita-
tive results. This iterative process involved systematically
reviewing transcripts to identify patterns and insights rel-
evant to our research questions.
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We used an Excel spreadsheet to organize and categorize
the data for efficient analysis. Each transcript was carefully
reviewed multiple times to ensure comprehensive under-
standing of the participants’ perspectives and experiences.
Through this iterative process (see Fig. 3), emergent themes
were identified and refined. The main author conducted this
analysis, with support from an external evaluation group
involved in the broader project.

Results

In examining teachers’ mean coding scores at baseline (Table
2), no significant differences were observed between the
Treatment (M=32.56, SD=26.70) and Control (M=26.85,
SD=29.53) conditions, #79)=0.80, p=.428. Similarly, for
TSE, no significant differences at baseline were observed
between the Treatment (M=43.55, SD=27.53) and Control
(M=45.22, SD=27.21) conditions, #79) = —0.23, p=.817.
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However, significant differences were found at baseline
between the mean scores of students assigned to the Treat-
ment and the control conditions, #(609.03) =—7.90, p<.001,
with the students in the Control condition having higher ini-
tial scores (Table 2).

The path analysis results are presented in Fig. 4; Table
3. The Chi-square goodness of fit test was significant,
v*(3)=11.37, p=.010. However, when considering other fit
indices, the model appeared to provide a good fit, as shown
in Table 3 (Hooper et al., 2008).

Effect of the Intervention on Teachers’ Outcomes

(RQ1)

The path analysis results revealed that the PD model had
a significant positive effect on TCI, B=7.10, z=6.84,
p<.001. Both expert-led and peer-led PD models effectively
improved teachers’ coding skills, with the effect size being
moderate. The PD model, however, did not significantly
impact TSE, B = —-0.91, z = —1.08, p=.279, indicating no
meaningful change in teachers’ self-efficacy across training
types.

Further analyses using multiple regression identified sev-
eral demographic factors as significant predictors of TCI,

even when controlling for the intervention. TCI significant
predictors included the site, grade level taught, race/eth-
nicity, and STEM background. Specifically, teachers who
taught lower grades, were from State B, or had a STEM
background demonstrated greater coding improvement.
Conversely, teachers identified as Black/African Ameri-
can or mixed race showed lower improvement compared
to White teachers. Complete results are presented in the
appendix.

Effect of Teachers’ Coding Skills on Students’ Coding
Skills (RQ2)

The path analysis indicated that TCI had a small but signifi-
cant positive effect on SCI, B=0.05, z=2.59, p=.010. The
PD model directly impacted SCI, B=2.77, z=3.05, p=.002.
Since the direct effect between PD Model and SCI was sig-
nificant, full mediation by TCI did not occur. Partial media-
tion was examined using the indirect and total effects of
TCI on the relationship between Model and SCI (Gunzler et
al., 2013; Zhao et al., 2010; Preacher & Hayes, 2004). The
indirect effect of TCI on the relationship of SCI regressed
on Model was significant, B=0.39, z=2.42, p=.016. The
total effect of Model on SCI was also significant, B=3.16,

-2.35*

D Student

Model Coding Skills
at Baseline
-0.91 7.10% 0.56*
\3 2.77*
v

Teacher Self- Teacher 0.05% Student
efficacy Coding Skills Coding Skills
Improvement Improvement Improvement

18.25

Fig. 4 Results of the Path Analysis Model. Note: To prevent overcrowding error terms are not presented in the figure. Refer to Table 3 for the

complete results
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Table 3 Unstandardized loadings (Standard Errors), Standardized
loadings, and Significance Levels for Each Parameter in the path anal-
ysis model (n=1623)

Parameter Estimate  Unstandardized Standardized p
Regression: PD

Model (Model 0-3)

TSE —0.91(0.84) —-0.03 0.279
TCI 7.10(1.04) 0.17 <0.001
SCI 2.77(0.91) 0.07 0.002
Regression: TCI

SCI 0.05(0.02) 0.06 0.010
Regression: Student

Baseline Coding

SCI —0.56(0.04) —0.33 <0.001
Mediation 0.39(0.16) 0.01 0.016
Indirect Effect of 3.16(0.90) 0.08 <0.001
SCI on Model by

TCI

Total Effect of SCI

on Model

Covariances

TSE and TCI 18.25(17.87) 0.03 0.307
Model and Baseline —2.35(0.29) -0.20 <0.001
Errors

Error in Model

Error in TSE 0.51(0.02) 1.00 <0.001
Error in TCI 581.41(20.41) 1.00 <0.001
Error in SCI 891.22(31.29) 0.97 <0.001
Error in Baseline 640.10(22.47) 0.87 <0.001

Note. ¥3(3)=11.37, p=.010; NFI=0.97; TLI=0.92; CFI=0.98;
RMSEA=0.04, 90% CI = [0.02, 0.07]; SRMR =0.02.

z=3.51, p<.001. Since the indirect and total effects were
significant, partial mediation was supported by TCI. As
for students’ baseline coding scores, they had a significant
negative relationship with their coding improvement, B =
—0.56, z = —14.11, p<.001, indicating that students with
higher initial coding skills showed less improvement, likely
due to a ceiling effect.

Teachers Perceptions of the PD (RQ3)

Analysis of focus group interviews revealed five intercon-
nected themes that capture teachers’ experiences with the
PD program and its classroom implementation: teacher
confidence, teacher concerns, challenges in implementation,
hands-on training, and student success. These themes reflect
both the strengths of the training and persistent challenges,
as summarized in Table 4 and elaborated below.

Many teachers reported a significant increase in their
confidence regarding teaching coding. Despite initial appre-
hension, they became more comfortable as they progressed
through the curriculum. One teacher shared, “I was a little
nervous this year coming into it, but so far I’ve been really,
really impressed. They’ve given us the handheld directions
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of how to do everything. If you’re really not comfortable or
confident they can walk you through it even more or go to
all the office hours.” Teachers reported that the training not
only increased their skills but also fueled their enthusiasm
for teaching coding. Many described feeling newly excited
and motivated to bring coding into their classrooms. One
teacher shared,

I had no experience with it [coding through ScratchJr],
and came to this experience feeling less confident
about my ability to learn it myself, let alone instruct
my kindergartens, and I not only learned it, but I was
able to teach my class to do so. And I’m also leaving
this project with just a much more positive image of
our experience of technology and specifically coding.

Hands-on, interactive training emerged as a key strength of
the PD program. Teachers consistently cited the opportu-
nity to actively engage with the curriculum as critical for
their learning. As one teacher described, “It was a really fun
training and I love the hands-on piece of it. I got really into
it and the training allowed me to figure out where I was
strong and where I might need to focus a little bit more on.”
This practical, engaging approach helped teachers feel more
prepared for classroom implementation. Another teacher
emphasized, “I love the hands-on aspect of the training. It
really engaged me and helped me identify my strengths and
areas needing improvement.” Another teacher echoed this
sentiment,

I think they provided us with a lot of opportunities for
hands-on activities and sharing our work, plus some
homework assignments. It felt like comprehensive
training with chances to learn from each other through
sharing. The hands-on experience was incredibly ben-
eficial, and learning from others was invaluable.

Other teachers highlighted the value of learning from peers
who had already navigated potential challenges, empha-
sizing, “I like the fact that there were teachers that did it
already, so they already knew some of the pitfalls and would
provide examples or explicit directions.”

Teachers also observed positive changes in student moti-
vation, engagement and learning outcomes. Students dem-
onstrated enhanced CT skills, including the ability to debug
code and follow logical sequences of instructions. One
teacher noted, “Even some of those computational think-
ing skills of debugging without getting super frustrated,
for example, how do you work through a problem or a line
of code, how do you follow step-by-step instructions or
know the importance of order. All of those things became
evident.” Others highlighted the inclusive nature of coding
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Table 4 Themes Identiﬁed‘ from Theme Description Example Quote Example Code
teacher focus group Interviews, Teacher Teachers reported “I'was a little nervous this year coming ~ Confidence
along with example codes and Confidence increased self-efficacy  into it, but so far I've been really, really ~ Boost, Increased
quotes in teaching cod- impressed. They 've given us the handheld Self-Efficacy,
ing, especially with directions of how to do everything. If Supportive
hands-on support and  you 're really not comfortable or confident Training
guidance. they can walk you through it even more
or go to all the office hours.”
Teacher Teachers expressed “I’m nervous about the scheduling of the ~Scheduling
Concerns worries about integrat-  curriculum. My school just has a jam- Issues, Curricu-
ing coding into already  packed schedule.” lum Integration
packed curricula Concerns, Time
and potential time Constraints
constraints.
Hands-on Teachers valued interac- “It was a really fun training and I love Interactive
Training tive, practical training  the hands-on piece of it. I got really into  Training, Practi-
that prepared them for it and the training allowed me to figure  cal Learning,
implementation. out where I was strong and where I might Engagement in
need to focus a little bit more on.” Training
Challenges in Technical/financial “[We had] tech issues related to the Technical Issues,

Implementation

Student Success

barriers hindered
implementation.

Teachers observed
improved engagement
and learning, particu-
larly in computational
thinking and problem-

devices, not necessarily to the program
itself.”

Device Prob-
lems, Financial

solving skills.

Barriers
“Even some of those computational Student Engage-
thinking skills of debugging without ment, Growth,
getting super frustrated, for example, CT, Problem-
how do you work through a problem or  Solving Skills,
a line of code, how do you follow step by ~Learning
step instructions or know the importance Outcomes

of order. All of those things became
evident.”

education, noting its impact on students who were typically
less engaged. As one teacher shared, “I’m amazed at how
well my students are able to just create a line of code to get
their character to do a set series of tasks. There is tremendous
evidence of this impact.” Another teacher reflected, “Yeah,
I would say first off just talk up like the student engagement
piece of it. It is so high and really getting some of those
students that aren’t traditionally engaged.” Additionally,
teachers noted the positive impact of the iterative process of
coding on student learning. One teacher explained,

All my kids, learn so differently. [...] They were all
able to learn. No one ever really felt frustrated or like a
failure. Because we learned through this program like
you do fail. You need to debug, you need to rethink,
and you should go back. So, I really thought that all of
my learners were able to complete this with success.

Despite these successes, teachers noted challenges in cur-
riculum implementation. Chief among these were technical
barriers and concerns about curriculum integration. Teach-
ers encountered device-related issues that hindered smooth
delivery of coding lessons. One participant explained, “[We
had] tech issues related to the devices, not necessarily to the

program itself.” Financial limitations and access to reliable
technology were also noted as constraints.

Additionally, teachers expressed concerns about schedul-
ing and curriculum integration. Fitting coding lessons into
already packed school days posed a significant challenge.
One teacher stated, “I’m nervous about the scheduling of
the curriculum. My school just has a jam-packed schedule.”
Some teachers also voiced nervousness about supporting
multiple students simultaneously, particularly when using
platforms like Scratch]Jr. As one teacher candidly shared, “[1
felt nervous about the ability] to support multiple students
using this [ScratchJr] at the same time.”

While teachers expressed enthusiasm for the curriculum,
several also shared feelings of nervousness about imple-
mentation. Their excitement was sometimes tempered by
concerns about their own comfort level with the new mate-
rial. As one teacher candidly expressed:

I haven’t even gone through one lesson as myself, and
now I’m imagining how I’m going to teach this to stu-
dents. I feel fine about not doing a deep preparation
with material with which I’'m already comfortable, if
I’ve taught this lesson 10 times. But something that’s
brand new, I really like to have it.

@ Springer
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Teachers further emphasized the need for additional scaf-
folding, particularly for younger learners. Some noted that
certain parts of the curriculum felt more advanced than what
students in early grades could manage independently. One
teacher observed:

My students really liked the curriculum, but some-
times there would be an assumption that all of my kin-
dergarten students are able to read and write; that’s not
the case in kindergarten. There was a lot of scaffolding
that I had to do before presenting them with the lesson.
I had to walk them through some of those things just
because they’re not there yet.

Discussion

The present study explored the impact of a virtual PD train-
ing designed to introduce CS concepts to K-2 teachers,
focusing on whether its effect extended beyond technical
proficiency to enhance TSE. This work aimed to address
the persistent gap in CS pedagogical and content knowl-
edge among elementary in-service educators (Codding et
al., 2021; Kong & Wong, 2017; Mouza et al., 2022; Wang
et al., 2020). The study also examined whether a peer-led
virtual training model could produce outcomes comparable
to those of an expert-led model.

The findings indicated that, although the PD program
did not significantly improve teachers’ self-efficacy, it led
to significant gains in their coding skills. Both groups began
with comparable levels of coding proficiency, yet the treat-
ment group showed significant improvement following the
intervention, underscoring the program’s effectiveness in
building technical skills. This result is particularly signifi-
cant considering that many elementary teachers lack formal
CS training (Mcinerney, 2021; Menekse, 2015). It is consis-
tent with Zhou et al.’s (2020) study, in which a nine-week
hybrid PD program similarly strengthened teachers’ CK and
PCK, further supporting the promise of targeted PD efforts
to enhance educators’ preparedness to teach CS.

The effectiveness of the PD program appeared to vary by
state and grade level. Teachers in State A and those work-
ing with Kindergarten and First Grade students exhibited
greater improvements in coding skills compared to teachers
in State B and those teaching Grade 2. These differences
suggest that factors such as local support, classroom con-
texts, and levels of student engagement may shape the out-
comes of PD initiatives.

In terms of demographic differences, teachers identify-
ing as Asian or Hispanic/Latino demonstrated gains in cod-
ing skills comparable to their White colleagues. However,
teachers identifying as Black/African American, Mixed/
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Other, or Men showed smaller improvements. These dispar-
ities highlight persistent barriers that the current PD model
may not fully address. Extending the training period could
provide additional opportunities for skill development and
reflection, potentially helping to mitigate these gaps.

The study did not find a statistically significant impact
of the intervention on TSE, diverging from Zhou et al.’s
(2023) meta-analysis, which reported notable TSE gains
among teachers receiving similar training. Still, teachers
in the treatment group linked their increased confidence in
teaching CS concepts to the program’s hands-on approach,
consistent with literature emphasizing the value of practical
skill development in PD programs (Fenton et al., 2019; Hill
et al., 2020; HuBner et al., 2024).

These findings also align with Schwarzhaupt et al.’s
(2021) work, which found that teaching higher grade levels
is associated with stronger TSE. While coding skills can be
strengthened through tangible, hands-on practice, CT devel-
opment demands engagement with more abstract thinking,
necessitating intentional scaffolding and extended practice.
Wang et al. (2020) similarly stressed the importance of scaf-
folding to support young children in building CT practices.
This need for additional support was reflected in teachers’
feedback in the current study, with several commenting that
aspects of the curriculum seemed too advanced for their
younger students to navigate independently.

The full 24-session (18-hour) curriculum was designed
to gradually build problem-solving skills through activities
targeting deconstruction, abstraction, pattern recognition,
and algorithms. However, implementation in practice varied
significantly, with teachers completing an average of only
12 lessons (SD=7.34). Limited device availability, teacher
absences due to medical or maternity leave, and the ongoing
challenges of the COVID-19 pandemic likely contributed
to this shortened implementation. Teachers cited difficulties
fitting the curriculum into packed schedules and managing
tech issues unrelated to the curriculum or the coding pro-
gram itself. A site-level administrator in State B observed
the same challenge, adding, “I think the challenge contin-
ues to be time to actually do the implementation.” These
barriers may partially explain differences observed between
State A and State B.

The analysis further revealed that the peer-led model
(Model 2) was more effective than the expert-led model
(Model 1) in enhancing coding skills for both teachers and
students. This finding aligns with Bandura’s (1997) social
learning theory, which highlights the power of observing
relatable peers in boosting self-efficacy. While both PD
models offered implementation support, the peer-led mod-
el’s longer duration and collaborative features likely facili-
tated more effective learning exchanges among teachers.
This collaborative environment resonates with Sentence and



Early Childhood Education Journal

Csizmadia’s (2017) call for comprehensive support systems
in teacher training.

Model 2 also reflects broader calls for sustainable and
cost-effective PD approaches (Hassler et al., 2018; Camp-
bell, 2014). By combining peer leadership with strong
facilitation, it offers a scalable approach to expanding CS
education without compromising quality. Focus group
discussions reinforced this, as teachers valued the clear,
“explicit directions” and the opportunity to learn from peers
who had firsthand experience with common challenges.

At the same time, teachers expressed hesitation about
fitting the curriculum into existing school schedules. Sev-
eral raised concerns that without protected time, they would
struggle to devote the “attention that [the curriculum]
deserves and requires.” Addressing these concerns will
require not only continued teacher development but also
broader policy changes that elevate the role of CS educa-
tion in the elementary curriculum. Ensuring that curriculum
demands are aligned with school structures will be essential
to maximizing the impact of PD efforts.

The study’s second aim examined how improvements in
teacher coding skills affect student outcomes. Path analysis
results showed that increases in teacher coding skills signifi-
cantly predicted gains in student coding proficiency. This
finding builds on work by Copur-Gencturk et al. (2024), who
linked asynchronous PD to higher student math achieve-
ment, and aligns with studies by Mok and Moore (2019)
and Swarnalatha (2019) pointing to a positive correlation
between teacher coding skills to student performance. These
findings, along with growing evidence on the lasting ben-
efits of early CS exposure (Aivalogou & Hermans, 2019;
Rosson et al., 2011; Tai et al., 2006), point to the critical
importance of sustained teacher development in advancing
student learning.

Focus group findings reinforced the quantitative results.
Teachers reported high levels of student engagement, par-
ticularly among students who often struggled in other aca-
demic areas. Many were surprised by how quickly students
picked up coding concepts and noted that the iterative pro-
cess of coding fostered perseverance and problem-solving
skills. Teachers also highlighted the inclusive nature of cod-
ing education, emphasizing its ability to engage and moti-
vate a diverse range of learners.

Conclusions

This study provides clear evidence that targeted profes-
sional development can meaningfully strengthen elementary
teachers’ CS proficiency, which in turn supports improve-
ments in student performance. By demonstrating a positive
relationship between teachers’ skills and student outcomes,

our findings affirm the critical role of teacher preparation
in expanding equitable access to foundational CS learn-
ing. Importantly, the success of the ‘train the trainer’ model
highlights a promising pathway for scaling PD efforts sus-
tainably. However, the challenges identified, particularly
related to teacher self-efficacy and scheduling constraints,
point to necessary areas for improvement to ensure broad
and lasting impact.

These results contribute important insights for both
practice and policy. Supporting elementary teachers in CS
instruction demands not only the development of techni-
cal skills but also sustained opportunities for practice and
reflection. Short-term PD offerings, while helpful, may not
be sufficient; extending the duration of PD programs could
deepen learning and build teacher confidence. Additionally,
addressing systemic barriers, such as limited instructional
time for CS, will require coordinated policy interventions
that elevate the status of CS education at the elementary
level.

Several limitations should be noted. The relatively brief
PD intervention period limits our ability to draw conclu-
sions about long-term teacher and student outcomes. Vari-
ability in teachers’ prior exposure to CS concepts may also
have influenced engagement and growth. Future studies
should track outcomes over longer periods, employ more
rigorous assessments of contextual factors, and explore
strategies to differentiate PD for teachers with varying lev-
els of experience.

Future research should also examine mediators and mod-
erators of PD effectiveness beyond those explored here,
such as teacher motivation, school leadership support, and
students’ prior experience with technology. Moreover, the
long-term scalability and sustainability of ‘train the trainer’
models must be evaluated systematically, considering both
teacher outcomes and broader school- and district-level
impacts. Research that centers teachers’ voices and diverse
backgrounds will be especially important for designing PD
that meets the needs of all learners.

Overall, this study advances understanding of how pro-
fessional development can serve as a lever for improving
CS education at the elementary level. While the results are
encouraging, sustained investment in research, practice, and
policy will be essential to fully realize the potential of CS
for all students.
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