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Abstract.  

Introduction: There is a gender imbalance in Computer science (CS) and STEM 

education and careers where males are more represented. With evolving technol-

ogies arising and the need for a more diverse workforce, it is important to identify 

factors that may cause females to be more prone to not persist in CS careers. 

This study investigated gender differences and psychosocial perceptions of ex-

periences in a CS education class. 

Method: Twelve students were recruited to the study. Data on judgements of 

performance and psychosocial aspects of the course was collected (learning, dif-

ficulty, enjoyment). 

Results:  There were no significant differences between boys’ and girls’ percep-

tions of performance and experiences in the course. Females, however, reported  

small to medium effect sizes in experiencing more learning, more enjoyment and 

experienced more difficulties than boys in the course. 

Conclusion: Future studies should control for gender differences in CS and 

STEM education. Same sex role models might influence experience and percep-

tions of performance, which can influence persistence of females in CS careers.   

Keywords: Gender differences, Computer Science, Human-Robot Interaction, 

Psychosocial Perception, Metacognitive Assessment, preadolescent students.  

1 Introduction  

There is a gender imbalance within computer science (CS). For instance, within major 

companies such as Google, Facebook and Twitter females comprise less than 20% of 

the workforce [1] and this is usually attributed to labor supply and demands. Despite 
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this imbalance, recent research shows that females in CS education are similar to males 

in their cognitive styles and abilities [2] but their self-perception of their abilities may 

lead to different career choices. Females in CS education report better verbal fluency 

and artistic abilities than males, however with poorer self-assessment in academic 

achievement and leadership abilities [3]. Research has identified several cultural as-

pects that can explain the low representation. For instance, gender-role-modelling, 

community acceptance, and institutional support moderated participation and perfor-

mance of females in CS [2, 4]. Further, females studying CS who had access to female 

role models in the field, and had instructors and institutions that encouraged and sup-

ported female representation, reported less negative stereotypical perceptions of them-

selves [4], showed greater adherence and completion of their studies, and outperformed 

their male counterparts [2]. Due to the gender imbalance in CS, female students are 

encouraged to choose educational programs within science, technology, engineering 

and mathematics (STEM) (see for instance https://www.sheffield.ac.uk/dcs/about-de-

partment/women-computer-science). This gender imbalance gives reason to assume 

that early influence, as in educational institutions, play a gender-specific role for later 

career choice. For this reason, the current project addresses preadolescent boys’ and 

girls’ experience on STEM – specifically programming, mathematics, and human-robot 

interactions – in education, including the experienced difficulty, enjoyment, and gains 

in learning. 

1.1 Psychological Factors in Programming, Mathematics And Human-Robot 

Interactions 

Being part of CS, a rapidly growing branch in technology is within robotics, which is 

gaining ever-expanding functions in society [5]. For example, robots have been imple-

mented in school in functions as independent teachers, teaching assistants [6], class-

mates, peers, entertainers [7], support for children with special needs [8] and as a me-

diators for increased experience of presence in school for homebound children [9]. 

When the function of such robots is to interact with humans, they are designed to re-

semble and behave more like humans, so that a human-robot interaction (HRI) is pos-

sible [6]. Research shows that such robots can support development within areas in-

cluding language, argumentation and discussion skills, problem solving, self-regula-

tion, and building of relationships [6, 7, 10]. Unlike interactions with the teacher, the 

student may experience a more balanced dialogue when interacting with a robot, which 

to some students may involve less anxiety and embarrassment. This in turn may result 

in students daring to take chances in their thinking, coming up with ideas, and solving 

problems [6]. 

Robots can assist the teacher in following up individual students [7] which may pro-

vide several benefits, including development of self-regulated learning skills such as 

self-assessment, goal-setting, and the execution of strategies within a metacognitive 

process, which correlates highly with academic achievement [11]. Metacognition is un-

derstood as a representation of cognition, with the functions of monitoring and control, 

for instance planning, evaluation, and knowledge of what one knows and does not know 

[12]. According to Zimmerman [13] such self-regulated learning is associated with 
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active participation in one’s own learning process, involving the use of strategies within 

metacognition, motivational processes (e.g., self-efficacy), and behavior (e.g., optimiz-

ing one’s learning environments). Jones and Castellano [11] suggest that social robots 

can be used to support the development of such skills which furthermore have the po-

tential to be transferred to long-term behavior change, with a generalizing effect to con-

texts outside the classroom. However, such social robots may also have a distracting 

effect, thus influencing the students' attention and cognitive performance negatively 

[14]. Robots may nevertheless enable new ways of learning and teaching, and the pres-

ence of such social robots in teaching can prepare children for an everyday life which, 

independent of robots, is characterized by advanced technology [6]. 

1.2 Social Aspects in Programming, Mathematics And Human-Robot 

Interactions 

When implementing a social robot into an educational setting, the students’ social in-

teraction (e.g., smiles, eye contact) with the robot have been found to vary. This may 

be due to variations in the robot’s ‘wow-factor’ with a possible distracting effect [15], 

or due to variations in the students’ level of internalized self-regulation and thus reli-

ance on the robot to master the task [11]. For technology to have a supportive function 

in the child’s development the child should be involved and engaged and the technology 

should promote a strong language model [16]. Varied and tailored feedback from social 

robots in education has been found to support and increase children’s self-confidence 

and mastery. For example, Ahmad and colleagues [15] found that emotionally tailored 

feedback from the robot maintained the students' social engagement when positive, but 

not when feedback was negative or neutral. However, the researchers also found a pref-

erence for negative feedback compared to neutral feedback, possibly meaning that in 

some situations, criticism may increase motivation and focus, which in turn may con-

tribute to learning. 

Lishinski and colleagues [17] found a reciprocal relationship between self-efficacy 

and performance in programming, however this relationship was additionally found to 

be influenced by goal orientation and metacognitive strategies. This process also re-

vealed gender differences, by females being influenced by the feedback earlier in the 

process compared to males. This suggests an increased risk of lowered self-efficacy 

among females due to early failures being internalized – which then influences further 

performance, enjoyment, and persistence within this field 

1.3 Importance of Diversity Inclusion in Programming, Mathematics and 

HRI 

Organizations within technology have been shown to be more innovative and increase 

their market growth when having diversity and inclusion in their workforce. Females 

have been shown to be an underrepresented group within STEM fields, and interven-

tions focusing on gender diversity within STEM fields are advised to promote potential 

career choices to young students through role models [18]. Experience with, exposure 

to, and high academic performance within CS, in addition to social support and 
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encouragement to pursue CS in future endeavors have all been found to be factors in-

fluencing persistence within CS. Additionally, females tend to rely on self-confidence 

and self-efficacy – and not so much on objective skills and abilities alone. Programming 

involvement and having the intent to continue learning CS while in high school have 

been found to be the most prominent predicting factors for persistence in CS among 

females [19]. 

1.4 Previous Findings 

Gender has been identified as a moderating factor of accurate judgment of learning, 

where females are better at both self-assessment and performance assessment than 

males [20]. Although girls perform as competently as boys in various academic do-

mains, they are inclined to report lower self-efficacy, especially in mathematics [21], 

and similar trends are reported in the field of programming. Although there is no sig-

nificant difference between programming performances of students and gender [22, 

23], there are differences in the perception of programming for girls and boys [24, 25]. 

Studies have shown that girls' attitudes towards programming are significantly lower 

than boys’ [25-27].  

Girls have been found to underperform within STEM if they were presented stereo-

types of females performing worse than men on mathematics tasks, compared to when 

no such information was given [28]. However, it is suggested that such stereotype threat 

is of greatest influence on performance within mathematics when identification with 

mathematics (e.g., motivation) is high and the level of difficulty is neither too high nor 

low, but at the boundary of their abilities [28]. Having a female teacher has been shown 

to be associated with fewer gender differences on programming tasks, while boys were 

found to outperform girls when having male teachers [29]. 

Recent findings have shown that females perform no worse than males [2, 30]. Sit-

uational factors such as mentoring, female role-models and peer-support were identi-

fied [2] as contributing to retention and enhanced performance among female students 

at a cyber-defence academy. Accounting for gender difference in learning environ-

ments and introducing approaches that minimize risks associated with for example low 

self-efficacy and anxiety may directly support metacognitive development. 

There have been found gender differences in attitudes towards robots, in that females 

reported higher social and physical attraction towards more human-like robots com-

pared to males who reported better liking of the robot with the least human likeness 

[31]. 

Within mathematics, girls have been found to show lower self-efficacy compared to 

boys, and additionally boys reported a greater liking towards learning mathematics 

compared to girls, however with small cross-cultural effect size on the latter [32]. Girls 

and boys have been found to be equivalent in mathematic solving abilities, although 

they have been shown to use different strategies: boys tended to use covert strategies, 

such as retrieval, while girls tended to use overt strategies, such as counting on fingers 

[33]. 

Females exhibit lower mathematics and computer self-efficacy than males with sig-

nificant gender differences emerge in late adolescence for mathematics self-efficacy 
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[34] as well as decline in girl’s interest in learning computer-related skills [35]. Other 

studies report mixed gender results in computer self-efficacy [36], and no significant 

gender differences in mathematics [37], STEM [38] self-efficacy and CS performance 

[39]. Hence it can be concluded that findings have been inconsistent regarding gender 

differences in academic self-efficacy [34], and therefore, further investigation is re-

quired. 

1.5 Aims of Study 

This research aims to identify gender differences and psychosocial perceptions of ex-

periences (difficulty, enjoyment and learning) in a CS education class where students 

participate in human-robot interaction, programming, and mathematics tasks. 

2 Methods 

2.1 Participants 

The participants were Grade 6 students attending a primary school in a medium sized 

town in Norway (N=17; nfemale=6). 

2.2 Measurements 

Independent Variable 

Metacognitive assessment (JOP): Participants were asked for a metacognitive judgment 

concerning how they expected to perform working with the mathematics, human-robot 

interaction, and programming. All judgements were measured on a 5 point visual ana-

logue scale. Before the task, participants were asked ‘How well do you think you will 

be able to do on the task?’ and after the task was completed, they were then asked ‘How 

well do you think you did on the task?’. The judgment of performance accuracy was 

defined as ratio between self-assessed performance expectation (JoPpre) and their actual 

perceived performance after task completion (JoPPOST) given by the formula: 

 

𝐽𝑜𝑃 = (
(𝐽𝑜𝑃𝑝𝑜𝑠𝑡 − 𝐽𝑜𝑃𝑝𝑟𝑒)

𝐽𝑜𝑃𝑝𝑜𝑠𝑡
) 

 

Scores closer to 0 correspond to more accurate performance judgements, scores less 

than zero indicate overestimation performance, and scores greater than zero indicate 

underestimation of performance  

Dependent Variables:  

The dependent variables were defined as learning, fun, and difficulty in each category 

(human-robot interaction, mathematics, programming). Learning, fun, and difficulty 

perceptions were measured on single 5-point likert scales (not-very) for each of the 
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categories. A total score for fun was also computed by summing the individual fun 

scores (Cronbach’s ɑ=.762).    

2.3 Procedure 

The data was collected during a 3-day workshop which involved the following activi-

ties:   

• Activity 1 - Introduction to humanoid robots - presentation and class discus-

sion led by the researchers.   

• Activity 2: The participants completed a structured online pre-test question-

naire on a secure platform. The information gathered was completely anony-

mous.  

• Activity 3 – The class teachers divided the participants into gendered groups 

of four or five. The researchers conducted each group through an hour-long 

session. The robot was used to do basic programming and mathematics tasks 

during the lesson. The mathematics exercises were created in consultation 

with class teachers to ensure that they were appropriate in difficulty and cur-

riculum-related.  

• Activity 4 - After the tasks, the participants completed a secure online post-

test structured questionnaire. The information gathered was completely anon-

ymous. 

2.4 Ethical Approval 

The study conformed to the ethical guidelines for experimental studies set by the Nor-

wegian Social Science Data Services (NSD). After the initial NSD online application 

was filled in, formal application was not required since only non-identifiable and non-

health-related data were used in this research. Written informed consent was obtained 

from parents/guardians of the participating students. In addition, the students were in-

formed about the aims of the project, their role in it, planned use of the data, and their 

right to withdraw. Participants were informed that they could withdraw from participa-

tion at any time and without any consequences throughout and after the session. How-

ever, it was made clear to them that the pre-test and post-test data was anonymous and 

therefore their survey data could not be withdrawn.  The secure online provider used 

for the pre and post-test surveys is authorized by the author´s research institutions.  

2.5 Data Reduction and Analysis 

JASP version .14.1 was used for statistical analysis. Due to the number of participants, 

non-parametric mean comparisons were used to test the hypothesis for gender differ-

ences. Alpha levels were set to .05.    
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3 Results 

Descriptives for each gender are given in Table 1. To test for gender differences, non-

parametric means comparison (Mann-Whitney U) analysis was done. While there were 

no significant differences between genders, there were differences with small to me-

dium effect sizes (RBC = .278 - .389; see Table 1).  

Girls were more accurate in their performance judgements in human-robot interac-

tions (RBC = .278), but even though they were less accurate in their mathematics (RBC 

= .028) and programming (RBC = .000) judgements compared to boys, these differ-

ences were negligible.  

Girls reported equal or more fun on all three tasks than the males (HRI: RBC = .000; 

mathematics: RBC = .389; Programming: RBC = .333). 

Girls did have divergent reports on their perceived difficulty. While girls reported 

less difficulty in the interactions with the robot (RBC = .500) they also reported more 

difficulty than boys in the mathematics tasks (RBC = .389). Due to a technical error 

during data collection difficulty scores for programming were not recorded.  

Overall, females reported that they learned less (RBC = .167) but had more fun (RBC 

= .278) than the males. Both males and females rated the CS course equally as difficult 

(RBC = .000). 

 

Table 1: Gender differences (N = 12)  

  Mean U p ES 

 Males Females    

JOP HRI Accuracy .17±.20 .07±.19 23.00 .451 .278 

JOP Math Accuracy .06±.23 .08±.20 17.50 1 .028 

JOP Programmng Accuracy .08±.39 .11±.28 18.00 1 .000 

Fun with HRI 4.83±.41 4.83±.41 18.00 1.00 .000 

Fun with Math 3.83±1.42 4.33±.51 16.00 .247 .389 

Fun with Programming 4.33±.52 4.67±.52 12.00 .311 .333 

Difficulty with HRI 2.50±.55 1.83±.75 27.00 .137 .500 

Difficulty with Math 2.17±.75 2.67±.52 11.00 .247 .389 

Total Learning 1.67±.1.03 1.33±.82 21.00 .595 .167 

Total Fun 9.17±.75 9.50±.84 13.00 .432 .278 

Total Difficulty 4.67±1.03 4.50±.1.05 20.00 .801 .000 

ES: effect size given by Rank Biserial Correlation; JOP: Judgement of Performance; 

HRI Human-Robot Interaction 
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4 Discussion 

This study set out to investigate gender differences in performance judgements and in 

psychosocial experiences (difficulty, enjoyment and learning) in a classroom course 

focused on human-robot interaction, mathematics, and programming.  

Previous research showed that gender was a predictive factor in perceived judgments 

of performance where females are better at self-assessing their skills [20]. While there 

were no significant gender differences found in our study, some tendencies (small to 

medium effect sizes; RBC=.278-.389; see table 1) did emerge that support previous 

findings. While there were no significant gender effects, there were differences with 

small effect sizes. Girls did have divergent reports on their perceived difficulty as re-

ported in previous research. While girls reported less difficulty with interactions with 

the robots (RBC=.500), they did report the mathematics as being more difficult 

(RBC=.389) to work with. Girls reported better accuracy in their robot interaction per-

ceptions (RBC=.278), more fun with programming (RBC=.333), and less learning 

(RBC=.167). In the mathematics condition, girls also reported more difficulty 

(RBC=.389) but also reported that mathematics was more fun (.389). This gives support 

to the Schripsema et al. [20] findings that females may be better at self-assessment, 

especially at school ages where girls are generally better at self-regulated learning [13], 

and to findings that females perform as good as males in programming when situational 

factors are accounted for [19].  

The associations found in this study, that females reported better outcomes than 

males, supports more recent findings that females who receive programming experi-

ence increased their interest in technology and programming [30]. This may lead to 

more persistence in pursuing and continuing STEM education in females [2, 19, 29]. 

This may be moderated by situational factors such as same sex peer support and in-

structor gender [2, 29].  

One aspect that might have influenced the results of this study was that the course 

the students completed was delivered by two female teachers, one with expertise in CS 

and one with expertise in pedagogy development. The girl’s performance on the differ-

ent tasks can be moderated by the teachers. Previous research has shown that same 

gender role models can increase self-efficacy which also influences performance [2, 4, 

29]. This may have contributed to the more positive results for females in enjoying 

human robot interaction while experiencing less difficulties in the interactions. While 

both teachers have competencies in education ad CS, this may also explain the results 

for the mathematics tasks. The girls reported more difficulty with the mathematics, 

similar to previous findings [21] but that they enjoyed the mathematics task more than 

the boys may be due to access to the same sex role model [29].  

The students participating in the study are preadolescent and this may also explain 

the non-significant findings. Previous studies show mixed results where late adolescent 

males report higher self-efficacy in mathematics but primary and middle school chil-

dren do not show any differences [35, 37, 38].  

While this study did not find any significant differences, it does highlight the im-

portance of other psychological factors that may influence female participation in CS 

and STEM education. Females who are exposed to CS and STEM subjects early in their 
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educational development, and who have access to same gender role models, are more 

likely to persist in the field and develop careers within CS [18, 19].   

4.1 Limitations of Study 

This study only included twelve participants, and this may explain the non-significant 

findings. Also, the measurements used in this study are self-reports. Alongside the age 

of the participants, the self-evaluation of their performance and experiences may be 

subject to wide variance of understanding. The course was delivered by female teach-

ers, and as with the benefits of same gender role-models, the boys in this study may 

have been negatively influenced due to the lack of a male role-model. The gender of 

the teacher has been shown to influence student performance [24, 25]. 

5 Conclusion 

The study showed that preadolescent boys and girls report similar experiences with a 

CS course that included human-robot interaction, mathematics, and programming. This 

study included students’ perceptions of their performance, an aspect future studies 

should incorporate into their designs and that situational factors, such as teacher gender, 

might impact student experiences.  CS research and instruction should include both 

male and female teachers as this could be an influencing factor on student performance 

and future career choices. 

6 Funding 

This project was not funded. The authors thank the students and teachers for their par-

ticipation in the research.  
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