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Abstract. Artificial intelligence (AI) is a growing field in both global job mar-

kets and educational spaces. This non-experimental quantitative study aims to 

explore how the educational program A Fresh Squeeze on Data affects students’ 

self-efficacy and career choices and whether gender will differentiate the learn-

ing outcomes. Under the social cognitive career theory framework, this study 

designs questionnaires as data collection instrument. The results suggest that the 

program significantly improves students’ comfortability with AI-related sub-

jects but not for career interest or other measurements in self-efficacy. Unex-

pectedly, the program’s effect is not divided by gender. Nevertheless, this study 

opens up conversations about assisting students from underrepresented back-

grounds to envision success in AI courses and career pathways through an ac-

tivity-driven curriculum. The paper also informs educators and researchers to 

devise culturally responsive pedagogy in teaching AI that empowers young 

girls before they develop a gendered career view. 

Keywords: K-12 Education, AI Education, Gender Equity, Self-Efficacy, Ca-

reer Interest. 

1 Introduction 

The increasing importance of AI in major industries calls for relevant education 

among young learners. To prepare for their digitized future, students must cultivate 

data literacy earlier in their education. Educational institutes, in response, are gradual-

ly integrating relevant curricula into the classroom so that they can build up students’ 

computing skills and familiarize them with emerging AI technologies.  

However, gender inequality in AI-related fields still lingers. Women’s underrepre-

sentation can be explained by the dearth of female students in advanced computing 

science or AI-related courses. Despite many female students’ exposure to data-driven 

coursework in middle or high school, a majority discontinue their pursuit in these 

fields later in their life [4].  
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This non-experimental quantitative study delves into the effectiveness of a cultural-

ly responsive curriculum. From a socio-cognitive and pedagogical standpoint, this 

study will advocate for the active participation in school-led learning programs and 

the awareness of gender inclusivity in the design of AI educational materials. 

2 Research Purposes and Questions 

It is against the background of AI’s rising importance and women’s underrepresenta-

tion in the industry that this study is initiated. This paper explores the meaningfulness 

of a culturally responsive AI curriculum. It informs teachers of an innovative peda-

gogy that can both enhance AI content knowledge and achieve girls’ empowerment. 

This paper asks the following research questions to navigate the subsequent analysis:  

• RQ1: Does the participation in AI education programs impact students’ self-

efficacy and career interest in related fields?  

• RQ2: To what extent are self-efficacy and career interest changed?  

• RQ3: Does gender differentiate the changes in self-efficacy and career interest? 

3 Social Cognitive Career Theory (SCCT) 

SCCT provides the theoretical framework for this research. It assumes that individu-

als, their behaviors, and contexts jointly and bi-directionally affect each other [1, 8]. 

Self-efficacy is an important aspect in the SCCT circuit. It measures an individual’s 

perceived competency in goals achievements [7]. This research also adopts the more 

unified model that takes demographics such as gender into consideration [11]. Social 

norms are part and parcel to shaping one’s efficacy level. Hypothetically, women’s 

low participation rate in AI-related fields can be attributed to inadequate learning 

opportunities and non-inclusive learning environment. These factors lower female 

learners’ self-efficacy, thus preventing them from further career pursuits [5, 6]. 

4 Program Description 

This study involves A Fresh Squeeze on Data, a student-centered, collaborative inter-

vention program about data collection, data bias, and AI. Named after a picture book 

about problem-solving with data, this educational program encourages young students 

to be gamechangers and problem-solvers using the emerging technology of AI [10]. 

The children’s book introduces a young girl who learns data collection from her 

mother, a data scientist, and reduces biases to solve problems for her community.  

A Fresh Squeeze on Data lesson plan combines concepts with practices, leading 

students to effectively translate what they had learned to the real world. Each lesson 

lasts 90 minutes, consisting of two major hands-on activities. Through real-world 

simulations like running a candy stand and selecting an adopted pet, students are in-

troduced to data collection, analysis, and bias identification [11]. These activities are 
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combined with small group discussions to facilitate peer cooperations. The learning 

materials are accessible to Grade 3 to 5 students.  

The program adopts a constructivist pedagogy. A wide range of activities hone 

students’ teamwork, problem-solving, and inquiry skillsets [3]. Students directly in-

teract with basic AI products such as Teachable Machine to train an AI model for 

categorization. This exercise familiarizes students with machine learning. Simple as 

the activity seems, it breaks down the dense technical knowledge into straightforward 

examples. In this way, students explore AI with greater ease and thus develop more 

interest in the subject.  

Contrary to a conventional program with only a final project, this course places 

multiple hands-on activities in varying difficulties throughout the entire learning peri-

od [3]. Accordingly, students dedicate more time engaging with the learning materi-

als. Each activity involves open-ended discussion questions [11]. This enables stu-

dents to explore the technology through inquisitive trial and error. Compared to the 

lecture-style classrooms, A Fresh Squeeze on Data encourages students to demon-

strate their agencies to learn and think critically about AI applications.  

5 Method 

5.1 Survey Design 

Inspired by the survey design of previous literature [2, 9], this study utilizes similar 

instruments. Students are given the same questionnaire before and after the training 

program. The difference in their answers reflects the impact of the program on student 

outcomes. The survey contains five constructs, three of which measure self-efficacy 

and two measure career interest. Each construct contains two prompts that ask stu-

dents to rate their opinion on a scale of 1 (strongly disagree) to 5 (strongly agree). The 

self-efficacy constructs gauge students’ interest in, comfort with, and attitudes to-

wards learning about AI and computing science. The career interest constructs inves-

tigate students’ knowledge of and propensity towards occupations related to AI and 

data science. The last section asks for students’ gender identification, age, and previ-

ous AI and data science experience.   

5.2 Sample and Hypotheses 

This study involves a sample size of 48 students (n=48) who took part in the training 

program over the summer. Among them, 28 are male and 20 are female. Their ages 

range from 7 to 11. They come from diverse ethnic backgrounds. All sampled stu-

dents have a certain degree of previous exposure in AI-related areas in either on-

campus or extracurricular contexts. On average, the sampled students take AI- or 

STEM-related classes twice a week.  

A repeated measures MANOVA is run on SPSS software to generate descriptive 

data on the survey results. Gender is the between-subject factor, while time is the 

within-subject factor. The dependent variables are the overall self-efficacy and career 
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interest level for each student. Cumulative self-efficacy is calculated by adding the 

scores of the first five prompts, subtracting that of the sixth. Cumulative career inter-

est is the total score of the last four prompts. The following hypotheses are tested at a 

confidence level of 0.95: 

• H1: A Fresh Squeeze on Data impacts students’ self-efficacy level and career in-

terest in AI or computing science. 

• H2: Gender differentiates students’ change in self-efficacy level and career interest 

in AI or computing science. 

6 Data Analysis 

6.1 Impact on Self-Efficacy 

The mean for the overall self-efficacy level increases from 15.96 (sd = 4.156) to 16.48 

(sd = 4.443) after the program. However, this increase is not statistically significant (p 

= 0.090 > 0.050). The overall effect of the program on students’ self-efficacy level 

remains unclear. 

 Nonetheless, the results yield a significant change in students’ answers to Prompt 4 

(comfortability with learning AI and computing science), with a p-value of 0.010 < 

0.050. The overall score increases from 3.52 (sd = 1.091) to 3.85 (sd = 1.148). This 

indicates that A Fresh Squeeze on Data reduces students’ stress about learning AI-

related knowledge. Part of the reason is that the course is conducted in an interactive 

environment using a child-friendly story book. The increased comfortability, in re-

turn, helps boost students’ confidence in their learning ability.   

6.2 Impact on Career Interest 

The mean for students’ career interest increases slightly from 14.21 (sd = 3.730) to 

14.81 (sd = 3.745). However, the change is not significant (p = 0.203 > 0.050). The 

four items in the career interest constructs remain statistically insignificant as well. 

These unexpected results imply that there is little evidence to prove the correlation 

between the program and students’ career choices in AI or computing science.  

 The unclear correlation can be partially attributed to the short timeframe. Students 

might not fully grasp the insights about AI or computing science, let alone consider 

these areas as future jobs. Even if they do, simply learning about a subject does not 

necessarily translate to job preference. More variables such as mentorship, duration of 

programming, and age should be considered. Additionally, a longitudinal study is 

needed to track the effects of similar learning programs on career interests over time.  

6.3 Gender Disparity 

Based on the between-subject effects no statistically significant gender difference is 

detected for self-efficacy (p = 0.315 > 0.050) or career interest (p = 0.087 > 0.050). 

Student outcomes in general are not differentiated by gender.  
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 The undetected gender disparity in the sample can be attributed to the grade level 

of the sampled students. Students in Grades 3 to 5 might not have developed a gen-

dered view of occupations, which research suggests may develop during Grades 6 to 8 

[5]. Although it remains questionable whether gender will make a significant differ-

ence later in their lives, gender-inclusive programs are still crucial for underrepresent-

ed students at an early age before gendered views on career fields take root.  

7 Limitations 

Admittedly, the current study comes with shortcomings. The sample size is limited. A 

sample of 48 students with an unbalanced gender ratio may not accurately represent 

the demographics of Grades 3 to 5 students. A larger sample size with a more bal-

anced gender ratio will provide a better representation of gender differences in the 

dependent variables. 

 The short time frame of the program also misrepresents students’ actual learning 

outcomes. This project only took place over two class periods. However, elementary 

school students’ career interests may take a much longer time to develop. Also, the 

scope of the knowledge in the curriculum is limited. More extensive work on the topic 

could be taught to elementary school students via long-term continuous programs and 

then evaluated. 

 Another limitation of this study is that the teacher is a strong female role model in 

computer science and AI. Thus, the survey may be vulnerable to observer bias. Stu-

dents would speculate a “correct” response catering to the instructor’s expectations. 

During the class periods, students might also tend to behave more extrovertedly than 

usual in front of their peers and instructors. These influences might cause students to 

report higher scores in their post-program surveys, resulting in overestimating the 

actual effects of the lesson. 

Given the non-experimental nature of the study, there is no control groups for 

comparison. The lack of benchmarks may render questionable the actual effectiveness 

of the program. Nevertheless, whether to include a control group in this setting con-

tains ethical concerns. Because the educational program pertains to students’ pro-

spects, it would be unfair to leave out a group of students for the sake of research 

observations.  

8 Conclusions 

The role of computing science and AI in society has increased dramatically, and edu-

cators need to prepare our young people for the digitalized future. A Fresh Squeeze on 

Data allows teachers to engage in interactive lessons with their students to discover 

concepts of bias in AI, machine learning, and other computing science fields. This 

study demonstrates how targeted interventions can affect students’ self-efficacy and 

interest. However, it also demonstrates the need for longer term interventions and 

interventions conducted at earlier ages.  
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Future research can refine its methods in these four ways. First, longitudinal stud-

ies are needed to track the persistent effectiveness of the training program. Second, A 

Fresh Squeeze on Data can be integrated into other disciplines instead of being taught 

as a stand-alone subject. Thirdly, more demographic variables shall be considered, 

including race, socioeconomic class, school curricula, grade level, and ableness. Fi-

nally, similar studies should extend to areas where school affluence is differentiated.  

Additional studies must also address questions such as the teachers’ roles, parental 

support, and modeling [5]. Overall school support for the AI-related fields must be 

explored in greater precision. Nevertheless, by designing and implementing interven-

tions such as A Fresh Squeeze on Data, teachers and schools may begin to close many 

of the learning gaps in AI, computer science, and data science that have persisted for 

far too long. 
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