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a b s t r a c t
The gender gap in science, technology, engineering, and math
(STEM) engagement is large and persistent. This gap is significantly
larger in technological fields such as computer science and engineering than in math and science. Gender gaps begin early; young
girls report less interest and self-efficacy in technology compared
with boys in elementary school. In the current study (N = 96), we
assessed 6-year-old children’s stereotypes about STEM fields and
tested an intervention to develop girls’ STEM motivation despite
these stereotypes. First-grade children held stereotypes that boys
were better than girls at robotics and programming but did not hold
these stereotypes about math and science. Girls with stronger
stereotypes about robotics and programming reported lower interest and self-efficacy in these domains. We experimentally tested
whether positive experience with programming robots would lead
to greater interest and self-efficacy among girls despite these
stereotypes. Children were randomly assigned either to a treatment
group that was given experience in programming a robot using a
smartphone or to control groups (no activity or other activity).
Girls given programming experience reported higher technology
interest and self-efficacy compared with girls without this experience and did not exhibit a significant gender gap relative to boys’
interest and self-efficacy. These findings show that children’s views
mirror current American cultural messages about who excels at
computer science and engineering and show the benefit of providing young girls with chances to experience technological activities.
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Introduction
Women’s underrepresentation in science, technology, engineering, and math (STEM) is a complex
issue. There are large variations in women’s underrepresentation among STEM fields. In 2012, women
earned 59% of bachelor’s degrees in biological sciences, 43% in math and statistics, and 41% in physical
sciences (National Science Foundation, 2015). In contrast, women’s representation was much lower in
technological fields such as computer science (18%) and engineering (19%). This means that many
young women have fewer opportunities to contribute to and benefit from careers in computer science
and engineering. Although many interconnected factors influence the gender gap in participation,
research points to a gender difference in interest that begins early in elementary school (Ceci &
Williams, 2010). Theory-based interventions that increase young girls’ interest and self-efficacy in
technology-related activities have the potential to reduce the gender gap in participation (Cheryan,
Ziegler, Montoya, & Jiang, 2017; Master, Cheryan, & Meltzoff, 2016).
The current study had two aims. First, we examined whether 6-year-old girls and boys have stronger gender stereotypes about computer science and engineering compared with other STEM fields
such as math and science. We examined children’s stereotypes about computer science and engineering to address two questions: (a) whether 6-year-olds have stereotypes that boys are better than girls
at computer science and engineering (i.e., programming and robotics) and (b) whether 6-year-olds’
gender stereotypes about computer science and engineering are stronger than their gender stereotypes about math and science. We then examined possible consequences and correlates of gender
stereotypes by assessing the relation between girls’ stereotypes and their motivation in computer
science and engineering.
Second, we examined as the central aim of this study an intervention that targeted girls’ interest
and self-efficacy in computer science and engineering in the face of potential negative stereotypes
about their abilities. We tested whether providing 6-year-old girls and boys a brief experience in programming robots can affect girls’ immediate interest and self-efficacy in computer science and
engineering.

Gender gaps in technology motivation
Gender gaps in older children and adults exist in both STEM interest and self-efficacy, which are
two different but related aspects of motivation (Eccles, 2011; Mantzicopoulos, Patrick, &
Samarapungavan, 2008; Weisgram & Bigler, 2006). There are two types of interest that are relevant
to this study. Situational interest is interest that is triggered within an immediate experience and
may or may not last over time. Individual interest is a persistent inclination to engage with particular
activities over time. The gender difference in individual interest begins by early elementary school,
with girls reporting less interest in and liking for computers compared with boys (Cooper, 2006;
McKenney & Voogt, 2010; Patrick, Mantzicopoulos, & Samarapungavan, 2009). Self-efficacy refers to
confidence in one’s ability to succeed on a specific task (Britner & Pajares, 2006). Girls report less confidence than boys about their science and computing abilities in elementary and middle school
(Beghetto, 2007; Mumtaz, 2001).
Interests in science and technology are largely established by the end of elementary school
(Maltese & Tai, 2010), suggesting the value of intervening at even earlier ages to foster emergence
of these interests. It has been theorized that interest can develop from situational interest to individual interest (Hidi & Renninger, 2006). We argue that a first step toward increasing women’s individual
interest in computer science and engineering is to trigger young girls’ situational interest in topics
such as robotics. Many types of experiences in formal and informal learning environments, such as
summer camps and conversations with parents in museums, can help to trigger children’s situational
interest in science and technology (Haden, 2010). Efforts by teachers and parents can develop students’ interest from situational to individual, for example, by offering new challenges or opportunities.
Once situational interest is triggered with an appropriate task, girls have the opportunity to build this
situational interest into a more durable and strong individual interest (Crowley, Barron, Knutson, &

94

A. Master et al. / Journal of Experimental Child Psychology 160 (2017) 92–106

Martin, 2015). Without this first step of triggered situational interest, girls may be hesitant to begin to
explore this field. Providing new STEM experiences to young girls can also create more opportunities
for them to build self-efficacy in computer science and engineering.
Conceptual framework: Sources of gender gaps in motivation
Why are there early gender gaps in motivation to pursue computer science and engineering? In our
theoretical model, we posit that two interacting sociocultural factors are particularly important in
generating and maintaining the gender gap in technology motivation in young children: (a) cultural
stereotypes and (b) gender differences in experiences (see Fig. 1). (See also Eccles, 2011 for a related
model; for a review of possible biological factors, see Ceci & Williams, 2010; Halpern et al., 2007.)
How stereotypes contribute to the gender gap in motivation.
Girls may be affected by stereotypes about intellectual ability as early as 6 years of age, when they
become less likely than boys to assume that someone who is ‘‘really, really smart” is their own gender
and also start to avoid difficult tasks (Bian, Leslie, & Cimpian, 2017). Do children report gender-related
stereotypes about math and science? From the youngest ages so far tested (kindergarten to second
grade), North American and European children tend to report either that the genders are equal in ability (Steele, 2003) or that their own-gender group is better at math and science (Galdi, Cadinu, &
Tomasetto, 2014; Heyman & Legare, 2004; Kurtz-Costes, Rowley, Harris-Britt, & Woods, 2008). (For
work on the development of implicit gender stereotypes about STEM and how these relate to explicit
measures, see Cvencek, Meltzoff, & Greenwald, 2011; Cvencek, Meltzoff, & Kapur, 2014.) Explicit
stereotypes about math and science appear to emerge later in development. It is not clear from previous research precisely when girls explicitly endorse the stereotype that boys are better than girls at
math, with some of the discrepancy in age estimates perhaps due to different methods of measuring
stereotypes. Some research indicates that European girls explicitly endorse the stereotype that boys
are better at math by fourth grade (Muzzatti & Agnoli, 2007), although Latin American girls seem to
attribute less ability in math to girls compared with boys at 6 years of age (del Río & Strasser,
2013). However, other research using different methods suggests that European girls do not explicitly
endorse this stereotype until adolescence (Martinot & Désert, 2007; Passolunghi et al., 2014).
What about gender stereotypes in STEM fields such as computer science and engineering? No study
yet has systematically measured young children’s stereotypes across a variety of STEM fields; that is
one of the aims and novel contributions of the current research. This question is of particular relevance
because variations in adults’ masculine stereotypes about STEM fields correspond to women’s actual
representation in those fields (Cheryan et al., 2017; Leslie et al., 2015). Do girls as young as 6 years
differentiate among different STEM fields as adults do? Do they show gender stereotypes favoring
boys over girls for the most highly stereotyped fields (programming and robotics)?
Gender stereotypes have negative consequences for girls’ performance in STEM, a phenomenon
known as ‘‘stereotype threat” (Flore & Wicherts, 2015; Régner et al., 2014), and for adults’ motivation

Fig. 1. Cultural stereotypes and gender differences in early experiences contribute to gender differences in motivation in
computer science and engineering. These compound over time to lead to a participation gap in computer science and
engineering as boys gain more experience, interest, and self-efficacy than girls in technological fields.
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in STEM (Thoman, Smith, Brown, Chase, & Lee, 2013). The prevalence of STEM–gender stereotypes
may be an important social factor influencing girls’ interest in STEM (Kessels, 2015; Master et al.,
2016). Stereotypes about STEM may act as ‘‘gatekeepers” and deter girls from pursuing interests in
computer science and engineering (Cheryan, Master, & Meltzoff, 2015). If children hold stereotypes
that boys are better than girls at computer science and engineering, girls may anticipate doing poorly
and be deterred from related activities.
How experiences contribute to the gender gap in motivation.
Another possible reason why girls may show lower motivation than boys for computer science and
engineering is because they have fewer experiences with technology to generate their interest and
build self-efficacy (Barker & Aspray, 2006; Martin & Dinella, 2002). As early as elementary school, girls
spend less time playing with computer games and technological toys (Cherney & London, 2006) and
are less likely to play with spatial and science-related games and toys than boys (Jirout & Newcombe,
2015). By sixth grade, boys spend more time than girls playing with electric toys and fuses outside of
school (Jones, Howe, & Rua, 2000). Young boys spend more time interacting with age-appropriate
technology activities, which could give them more opportunities to gain self-efficacy (Nugent et al.,
2010; Terlecki & Newcombe, 2005).
Girls’ insufficient early experience with computer science and engineering may contribute to gender gaps in later participation (Cheryan et al., 2017). States and countries that require both girls and
boys to take more STEM coursework have lower gender gaps in STEM participation in college (Charles
& Bradley, 2009; see also Federman, 2007). Correlational research with older students shows that
stronger math and science curricula are correlated with high school girls’ intentions to major in STEM
fields (Legewie & DiPrete, 2014).
Goals of the current research
The current work investigated three interrelated questions: (a) whether 6-year-old children hold
stronger gender stereotypes about computer science and engineering (programming and robotics)
compared with math and science, (b) whether girls who believe that boys are better than girls at computer science and engineering report lower motivation for these subjects, and (c) whether girls in a
treatment group who experience a child-friendly robot programming activity show higher technology
motivation than girls in control groups.
We hypothesized that 6-year-old children would hold stereotypes that boys are better at robotics
and programming and that these stereotypes would be stronger than stereotypes about math and
science. We also predicted that girls’ stereotypes that boys are better at robotics and programming
would correlate with lower motivation for these domains. Finally, and most importantly, we predicted
that girls who were randomly assigned to the treatment group would report significantly higher motivation than girls in the control groups. We also predicted there would be fewer gender differences in
motivation for children in the treatment group than children in the control groups. We did not expect
that our specific treatment would influence the cultural stereotypes that children held because it was
not designed to do so; rather, we expected that the treatment would result in higher technology interest and self-efficacy for girls in the treatment group compared with the control groups.
Method
Participants
Participants were 96 6-year-old children (48 girls and 48 boys; Mage = 6 years 10 months, range = 6
years 8 months to 6 years 11 months; 79% White, 3% Asian American, 1% Black, 1% Latino, 1% other,
and 15% multiple ethnicities). Most were middle or upper-middle class (93% of mothers were college
graduates). No participants were excluded from analyses. Conditions were balanced across child gender and experimenter gender using stratified random sampling to condition (the experimenter was
male for half of the participants and female for the other half). Preliminary analyses confirmed that
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the random assignment worked as expected and that conditions did not differ in age, family income,
mother’s education level, or minutes per day that children spent using devices such as smartphones,
computers, and video games.
Procedure
Children were tested individually in the laboratory. Children were randomly assigned to one of
three independent groups: (a) the ‘‘robot” experimental treatment group, (b) a control group that
completed a parallel ‘‘storytelling” activity not involving technology, and (c) a ‘‘no-activity” control
group. All children then responded to measures of technology motivation and STEM–gender
stereotypes.
Robot treatment group
Children who were randomly assigned to this group spent 20 min playing a game in which they
chose a specially designed ‘‘pet” robot and used a smartphone to program the robot. Smartphones
are mobile devices that include all the features of a phone as well as features like touch-screen capabilities. Past research indicates that even very young children can learn to program (Kazakoff & Bers,
2014; Wyeth, 2008) and use robots (Bers et al., 2014; Mioduser & Levy, 2010). The goal was to make
the robot navigate an experimentally specified spatial path made out of hexagonal tiles that could be
laid out in different spatial designs (see Fig. 2). Children used drag-and-drop visual programming to
program the robot to move forward, turn left or right, and create loops to repeat instructions. The
researcher demonstrated how to program the robot to navigate four different spatial paths, and then
children programmed the robot to navigate up to eight additional paths. The eight additional paths

Fig. 2. Six-year-old girls in the robot treatment group: (A and C) programming a robot animal using a smartphone to move
along different spatial paths; (B and D) watching the robot execute the programmed commands. (The authors received signed
consent for the experimenter and children’s likenesses to be published in this article.) Links to movies are available here:
https://youtu.be/-bVdDlyD9Ec and https://youtu.be/rirZjzFtErQ.
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required children to generalize what they had learned during the practice paths. The mean number of
additional paths children completed within 20 min was 6.41 (SD = 1.34).
Children had no difficulty with the phone itself, which is unsurprising given that children’s toys
involving mobile apps and technology are becoming increasingly common (Montgomery, 2015). In
a parental survey (completed by 80% of participating families), 100% reported owning either a smartphone or tablet computer. Other research indicates that 75% of families with children age 8 years and
under have access to a smart device (including smartphones and tablet computers) at home and that
83% of 5- to 8-year-olds have used a mobile device at some point (Rideout, 2013). The researcher provided assistance as needed (see online supplementary material for more details).
Two control groups
Two control groups were used: ‘‘storytelling” and ‘‘no activity.” In the storytelling control group,
children spent 20 min playing a storytelling card game (adapted from the card game ‘‘Once Upon a
Time”) where they were given a series of cards with a person, an object, or an idea and were asked
to tell a brief story involving those cards. This group helped to control for the experience of playing
a sequential game with the researcher. The researcher demonstrated how to tell a story using four sets
of picture cards that were arranged on the table, and then children told their own stories for eight
additional sets of cards (all children completed all eight sets within 20 min). In the no-activity control
group, children did not play any games. We did not expect any differences between control groups on
outcome measures, but combining both controls provides the most rigorous comparison against the
experimental treatment.
Dependent measures
Practice items. To help children get used to the scales assessing interest and self-efficacy, children first
responded to two practice items. These items were designed to introduce children to the positive and
negative dimensions of the scale. Each item was asked in two steps (known as ‘‘branching”; Krosnick &
Presser, 2010) to keep the number of choices simple and age appropriate (Master et al., 2017, 2012). In
the first step, to familiarize children with the positive side of the scale, we asked children whether
playing outside is fun or not fun, accompanied by a card with one smiling face and one frowning face.
Depending on their choice, in a second step they were asked how much it was fun or how much it was
not fun—a little, medium, or a lot—with a second card showing faces with three sizes of smiles (or
frowns). To familiarize children with the negative side of the scale, we asked children whether getting
hurt is fun or not fun and then how much it was or was not fun. The steps were combined to create a
6-point scale with three positive values and three negative values.
Technology motivation. We measured technology motivation with three items assessing interest in
programming (how fun is programming), interest in robots (how fun are robots), and self-efficacy with
robots (how good are you with robots), all measured in two steps to create a scale from 1 to 6, as
described above. Items were adapted from other scales assessing young children’s interest and liking
for math and science (Arnold et al., 2002; Mantzicopoulos et al., 2008). We defined programming for
all children by saying, ‘‘Programming is when you tell a computer or a robot or a phone what to do.”
STEM–gender stereotypes. We measured explicit stereotypes about whether boys or girls are ‘‘better”
at robots and programming (as well as science and math for comparison)—for example, ‘‘Who is better
at programming, girls or boys? Are girls/boys a little better or a lot better?” We coded each of these on
a 4-point scale so that higher numbers indicated belief that boys are better and a score of 0 reflected
chance responses if children were equally likely to choose boys and girls as better. We purposely asked
this question comparatively, rather than asking children to evaluate girls and boys separately, to help
highlight any contrasts between the genders (Heyman & Legare, 2004; Kurtz-Costes et al., 2014). We
did not offer children a neutral option because children may default to neutral response options without fully considering their answer, leading to less reliable responses (Borgers, Hox, & Sikkel, 2004).1
1

We also measured children’s spatial cognition (see supplementary material for details).
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Results
Preliminary analyses
Correlations
Table 1 provides the correlations across measures. We focus on the programming–gender and
robotics–gender stereotypes to highlight the stereotypes most relevant to technology motivation.
(For means and standard deviations for all four stereotypes, see Table 3 below.)
Control groups
As expected, results showed that the two control groups did not differ for any of the technology
motivation items, ts < 1.23, ps > .22, ds < .31, so we collapsed across control groups for analyses.
Effect of treatment on technology motivation
Because the three technology motivation items were moderately correlated (average inter-item
correlation = .20), we analyzed them using a multivariate analysis of variance (MANOVA). A 2  2
(Gender  Group [robot treatment or controls]) MANOVA on technology motivation revealed significant main effects of both gender, Pillai’s trace = .19, F(3, 88) = 6.82, p < .001, g2p = .19, and group, Pillai’s
Table 1
Correlations among dependent measures by gender.
Measure
1.
2.
3.
4.
5.

1

Programming interest
Robot interest
Robot self-efficacy
Programming–gender stereotype
Robotics–gender stereotype

–
.23
.05
.37*
.12

2

3

.12
–
.51***
.03
.37**

.23
.15
–
.29*
.32*

4

5
*

.32
.05
.15
–
.02

.27
.15
.36*
.26
–

Note. Correlations for girls (n = 48) are presented below the diagonal, and correlations for boys (n = 48) are presented above the
diagonal. Stereotypes were scored such that positive scores indicated the stereotype that boys were better and negative scores
indicated that girls were better.
*
p  .05.
**
p  .01.
***
p  .001.

Table 2
Technology motivation by experimental condition and gender.
Controls
Measure

Robot treatment

Combined

Storytelling

No activity

d

Programming interest
Girls
5.00 (1.41)
Boys
5.60 (0.63)
Overall
5.29 (1.13)

3.88 (1.66)
5.00 (1.24)
4.43 (1.56)

3.69 (1.82)
5.07 (1.03)
4.35 (1.62)

4.06 (1.53)
4.94 (1.44)
4.50 (1.52)

.73
.61
.63

Robot interest
Girls
Boys
Overall

5.06 (1.24)
5.87 (0.35)
5.45 (0.99)

4.44 (1.70)
5.19 (1.17)
4.81 (1.50)

4.87 (1.54)
5.07 (1.34)
4.97 (1.43)

4.00 (1.79)
5.31 (1.01)
4.66 (1.58)

.42
.78
.50

Robot self-efficacy
Girls
Boys
Overall

4.88 (0.96)
5.13 (0.74)
5.00 (0.86)

3.59 (1.97)
4.81 (1.25)
4.19 (1.75)

3.88 (1.86)
5.07 (0.88)
4.45 (1.57)

3.31 (2.09)
4.56 (1.50)
3.94 (1.90)

.83
.32
.59

Note. Means (and standard deviations) on a scale from 1 (really not) to 6 (really) are shown. Effect sizes correspond to the
difference between the robot treatment and the combined control groups.
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Table 3
Descriptive statistics for STEM-Gender stereotypes.
Overall

Girls

Boys

Field

M

SD

M

SD

M

SD

Robots
Programming
Science
Math

.73***
.24*
.08
.07

.88
.96
.88
.93

.81a
.04b
.16d
.38f

.90
.97
.87
.73

.65a
.46c
.33e
.54 g

.85
.92
.82
.89

Note. Range = 1.5 (girls a lot better) to 1.5 (boys a lot better). Means for each stereotype sharing a common subscript are not
statistically different at p  .05. Overall significantly different from 0: * p < .05; *** p < .001.

trace = .18, F(3, 88) = 6.22, p = .001, g2p = .18, and a nonsignificant interaction, Pillai’s trace = .04, F
(3, 88) = 1.06, p = .37, g2p = .035; see Table 2 for means and standard deviations and Fig. 3. Boys
reported significantly higher motivation than girls for all three items: (a) programming interest,
p = .005, d = .67, (b) robot interest, p = .008, d = .58, and (c) robot self-efficacy, p = .023, d = .60. Children
who experienced the robot treatment reported significantly higher motivation than children in the
controls for all three items: (a) programming interest, p = .005, d = .63, (b) robot interest, p = .027,
d = .50, and (c) robot self-efficacy, p = .013, d = .59. The lack of interaction indicates that the size of
the treatment effect was not significantly different for boys and girls for any item, ps = .38, .93, and
.14 and g2ps = .008, < .001, and .025, respectively.
Because there were a priori hypotheses, we also examined the simple effects as a function of gender. We expected that (a) girls who experienced the robot treatment would report significantly higher
motivation than girls in the control conditions and (b) the robot experience would eliminate significant gender differences in motivation.
As predicted, we found that girls who experienced the robot treatment had significantly higher
technology motivation compared with girls in the controls, Pillai’s trace = .16, F(3, 88) = 5.47,
p = .002, g2p = .16. Girls who experienced the robot treatment reported significantly higher motivation
than girls in the controls for two of the three items: programming interest, p = .008, d = .73, and robot
self-efficacy, p = .005, d = .83, but not robot interest, p = .12, d = .42. The robot treatment did not significantly affect boys’ motivation, Pillai’s trace = .06, F(3, 88) = 1.90, p = .14, g2p = .06, which appeared to be
close to ceiling on this scale ( 4.8 on the 6-point scale) and was nonsignificant for all three items,
ps = .17, .11, and .47 and ds = .61, .78, and .32, respectively.

Fig. 3. Technology motivation: (A) programming interest; (B) robot interest; (C) robot self-efficacy. All were measured on a
scale from 1 (really not fun/good) to 6 (really fun/good). Error bars show standard errors. Brackets show pairwise comparisons.
Girls in the control groups showed particularly low technology motivation compared with boys and with girls in the robot
treatment group. * p < .05; ** p < .01; *** p < .001.
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Also as predicted, the gender difference (with boys showing more technology motivation than
girls) was significant in the controls, Pillai’s trace = .22, F(3, 88) = 8.23, p < .001, g2p = .22, but not in
the robot treatment group, Pillai’s trace = .06, F(3, 88) = 1.84, p = .15, g2p = .06. For children who experienced the robot treatment, the gender difference was not significant for any of the three items,
ps = .22, .09, and .62 and ds = .30, .82, and .30, respectively. In the control groups, boys reported significantly higher motivation than girls for all three items: (a) programming interest, p = .001, d = .79, (b)
robot interest, p = .025, d = .52, and (c) robot self-efficacy, p = .001, d = .74.
For simple effects using univariate tests, see Table 2 and Fig. 3.2
We also repeated these analyses controlling for children’s spatial cognition and found the same
pattern of results (see supplementary material).

STEM–gender stereotypes
We first compared children’s stereotypes with chance (0). Results showed that 6-year-olds were
significantly more likely than chance to report stereotypes that boys were better than girls at robots,
t(95) = 8.15, p < .001, 95% confidence interval (CI) [ .91, .55], and programming, t(93) = 2.47,
p = .015, 95% CI [ .44, .05] (see Table 3). There were no significant effects for science and math at
this age, ts < 0.89, ps > .37, 95% CIs [ .26, .10] and [ .27, .12].
We conducted a 2  2 (Gender  Group [robot treatment or controls]) repeated-measures analysis
of variance (ANOVA) on children’s stereotypes. There was a main effect of stereotype field, F(3, 267)
= 11.25, p < .001, g2p = .11, a main effect of gender, F(1, 89) = 17.55, p < .001, g2p = .17, and a significant
interaction between stereotype field and gender, F(3, 267) = 6.07, p = .001, g2p = .06. Follow-up
Bonferroni-corrected tests found that children’s stereotypes about robots were significantly stronger
(i.e., children were more likely to say that boys were better) than their stereotypes about science,
math, and programming, ps  .001. Boys were more likely than girls to say that boys were better at
these fields.
We examined the interaction between field and gender in two ways, again using Bonferronicorrected tests. First, boys were significantly more likely than girls to say that boys were better than
girls at science, F(1, 89) = 5.35, p = .023, g2p = .06, math, F(1, 89) = 28.43, p < .001, g2p = .24, and programming, F(1, 89) = 5.20, p = .025, g2p = .06. There were no significant gender differences for stereotypes
about robots, F(1, 89) = 0.85, p = .36, g2p = .009, because both girls and boys said that boys were better
than girls at robots. Second, follow-up tests found that girls’ stereotypes about robots were significantly stronger than their stereotypes about science, programming, and math, ps < .001.
We found no significant effects of group (robot treatment or control groups) on any of these measures of children’s stereotypes, F(1, 89) = 0.32, p = .57, and no significant interactions between group
and gender or stereotype field, Fs < .79, ps > .50.

Correlations between stereotypes and motivation
Four of six possible correlations were significant for girls between the two stereotype measures
(programming–gender stereotypes and robotics–gender stereotypes) and programming interest,
robot interest, and robot self-efficacy (see Table 1, bottom two rows). The size of these four correlations indicates a small to moderate relationship (r  .34) between stereotypes and STEM motivation.
To control for multiple comparisons, we used the Benjamini–Hochberg procedure to control the false
discovery rate for these six correlations (with Q = .10); the four significant correlations remained significant (Benjamini & Hochberg, 1995). In particular, the correlations between self-efficacy and both
types of stereotypes were significantly negative, indicating that girls who held stereotypes that boys
were better than girls at robots and programming also reported lower self-efficacy.
2
Although the pattern for each univariate test was similar to the multivariate test, there was no significant difference between
girls who experienced the robot treatment and girls in the control groups for the robot interest item taken by itself, possibly
because the mean for girls in the control groups was higher than for the other two items (programming interest and robot selfefficacy).
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Discussion
Despite a growing use of technology in daily life, there is a persistent gender gap in participation in
computer science and engineering as measured in college degrees, graduate degrees, and the workforce. Girls in contemporary U.S. culture face cultural stereotypes that girls have lower ability in technological fields compared with boys. They also receive less exposure to technology-related activities
compared with boys, and this starts early in development.
In this experiment, children were randomly assigned to an experimental treatment group or control groups to examine whether a brief learning experience with technology could lead to changes in
girls’ interest and self-efficacy in computer science and engineering. Indeed, the robot treatment had
the desired effect. Because we used random assignment with well-controlled treatment and control
conditions, we can infer that the robot treatment led to higher technology motivation than that of children in the control groups, which has implications for developmental and social psychological theory
as well as educational practice. The current research points to strategies that may be effective when
designing programs to promote early STEM motivation.
Malleability of technology motivation in children
We found that girls randomly assigned to spend 20 min playing an intentionally designed programming game had significantly higher technology motivation compared with girls in the control
groups. As expected, children in the control groups showed the typical pattern in which boys reported
higher technology interest and self-efficacy compared with girls. However, children who were provided the experimental treatment showed no significant gender differences for interest in programming, interest in robots, or self-efficacy with robots. These findings suggest that gender differences
in children’s technology motivation are not set in stone; instead, they are malleable and open to influence from specific experiences.
On the whole, the results show that providing positive experiences with technology to girls can
lead to higher technology motivation. Girls who encounter intentionally designed experiences showed
higher interest in programming and higher self-efficacy than girls without these encounters, with no
significant differences from boys’ interest and self-efficacy. This is important because enjoyment of a
field and a sense of self-efficacy can lead children to seek out further opportunities in that area and
help them to build a well-developed sense of individual interest in that area.
Technology–gender stereotypes
To our knowledge, this is the first research to show that 6-year-old children already hold stereotypes that boys are better than girls at robotics and programming. In particular, the stereotype about
boys being better than girls at robotics was held by both boys and girls and was stronger than children’s stereotypes about other fields. This pattern mirrors that of adult women’s participation across
STEM fields, with women more underrepresented in computer science and engineering than in math
and biological sciences (Cheryan et al., 2017). It is of interest that children at this young age already
show stereotypes that reflect the adult stereotypes and the adult participation pattern. Further
research is needed to understand exactly why children, both boys and girls, showed such strong
stereotypes about robots in particular and how girls’ familiarity with each field affects their stereotypes. The mechanism by which stereotypes and biases are ‘‘caught” or develop in very young children
is an important and growing topic in experimental child psychology (e.g., Skinner, Meltzoff, & Olson,
2017).
Although our treatment was effective in leading to higher technology motivation than controls, it is
worth noting that we did not find evidence that the robot treatment activity was a ‘‘cure all”; it did not
change girls’ stereotypes about programming or robotics. Changing stereotypes is difficult (Rothbart,
2001), even among children (Bigler, 1999; Steele, 2003). Thus, it is unsurprising that a brief experience—not intentionally designed to change stereotypes but rather designed to result in higher technology motivation—did not seem to shift their stereotypes. Rather than changing stereotypes,
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positive experiences may help to act as a buffer for girls against negative effects of strong stereotypes
about their ability (Stout, Dasgupta, Hunsinger, & McManus, 2011). Other types of experiences, such as
watching a female role model succeed at and enjoy programming robots, may be more likely to change
children’s stereotypes (Galdi et al., 2014; Shin et al., 2016).
There was some correlational evidence (i.e., four of six correlations in the bottom section of Table 1
in the small to moderate range, with rs  .34) that girls who held stronger stereotypes that boys
were better than girls at programming and robotics had lower motivation, particularly lower selfefficacy. However, the direction of causality is unclear. Perhaps belief in these stereotypes made girls
feel less interested and efficacious. Alternatively, perhaps girls who already felt higher interest in and
self-efficacy for technology were more likely to reject those cultural stereotypes. A girl who believes
robots are fun may infer that ‘‘girls are good with robots” (i.e., a projection from self to other people
who are ‘‘like me”; Meltzoff, 2013). If this latter idea is true, then sufficient positive experiences in
technology might also help to change girls’ beliefs about the ability of other girls; of course, the direction of causality may also go in both directions (Miller, Trautner, & Ruble, 2006).
Two empirical approaches could be taken to provide further insights into the causal pathways.
First, longitudinal studies of the same children over time could assess the emergence of technology
stereotypes and interest/self-efficacy. If stereotypes develop at a time prior to a decrease in girls’ interest and self-efficacy, then children’s assimilation of cultural stereotypes may affect girls’ motivation.
Second, targeted experiments on either side of the equation (cultural stereotypes or motivation) might
help to sort out the causal pathways. Experimenters could teach children stereotypes about a novel
field and then measure motivation (Cimpian, 2010; Miller, 2008) or could examine whether systematic interventions to increase motivation subsequently change stereotypes. In the future, researchers
could also examine the psychological processes through which girls assimilate such stereotypes (e.g.,
Cvencek et al., 2011) and the degree to which such stereotypes can be changed over time when girls
gain new experiences.
Creating technology activities with broad appeal
One design feature of the programming activity used in the current study is that it was created to
appeal to girls and boys. Others have attempted to increase girls’ interest in STEM by making STEM
activities explicitly feminine (e.g., by using pink materials or very feminine role models; Khazan,
2012). However, such gendered approaches can backfire for three reasons. First, activities that divide
children by gender can lead to increased gender stereotyping (Hilliard & Liben, 2010). Research also
suggests that girls are less interested in STEM when these activities are segregated by gender, perhaps
due to the reinforcement of gender stereotypes (Legewie & DiPrete, 2014). Second, attempts to make
STEM superficially appealing to girls can lead to unintended consequences such as implying that girls
and women in STEM must also be hyperfeminine (Betz & Sekaquaptewa, 2012; Liben, 2016). Third,
there are large individual differences within both genders and highly overlapping distributions, such
that many girls are more interested than many boys in technology. Thus, designing technology activities with inclusive appeal, as we have attempted to do here, may result in higher interest for some
boys as well. Based on other related work, we posit that broadening the appeal of computer science
and engineering, and the image of who belongs and succeeds in computer science and engineering,
has the potential to benefit a larger set of students and may be the preferred approach for educational
interventions (Cheryan et al., 2015; Master & Meltzoff, 2017; Master et al., 2016).
Interventions, translational science, and early STEM: Limitations and future directions
These results suggest that young girls’ situational interest in technology is not set in stone but
rather is malleable and can be changed through interventions. Important questions remain, however,
from both theoretical and translational viewpoints. First, it is unclear whether a brief experience of
higher motivation for girls can translate into behavioral changes such as seeking out future opportunities in robotics and programming. Although a recent meta-analysis on motivation interventions suggests that effects on behavioral outcomes are similar to effects on self-reported outcomes (Lazowski &
Hulleman, 2016), this is an important direction for future empirical research. In the future, researchers
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should also make sure that girls’ reports of higher motivation in the current research were not due to
social desirability effects, given that the researcher who measured technology motivation was the
same one who guided children in the technology activity.
Second, in the future researchers should investigate the durability of the effect, including how to
promote the development of girls’ interest in STEM from situational to individual interest and how
to sustain feelings of self-efficacy in STEM. Interest can decrease over time if there are no opportunities to continue to reengage with that topic (Hidi & Renninger, 2006), so girls may need to become
involved in longer-term programs to prevent them from losing interest in robotics and programming.
Although interventions that target skill building tend to have effects that fade over time, interventions
that target motivation have the potential to create longer-lasting educational benefits, especially
when that motivation shapes students’ self-concepts (Bailey et al., 2017; Cohen et al., 2006;
Murayama et al., 2013). Researchers should also examine how these laboratory results could be scaled
up into a larger-scale practical intervention to boost technology interest in young girls. Might we add
this type of activity to existing programs and curricula such as classroom-based computer science and
engineering programs? How long should such programs last, and how can these programs maintain
girls’ interest over longer periods of time?
Third, what specific aspects of girls’ experiences are most important for fostering technology motivation? Not all experiences with computers and programming lead to positive changes in beliefs and
attitudes toward technology (Krendl et al., 1989; Lang et al., 2015). The addition of a social element,
such as collaboration with a friend or group programming, could increase girls’ interest as well (Hanks,
Fitzgerald, McCauley, Murphy, & Zander, 2011). Preschool children show more interest and persistence in spatial and math activities when they feel that they are part of a social group engaged in
the same activity (Master et al., 2017). Incorporating creative elements into programming can also
motivate girls (Kelleher, Pausch, & Kiesler, 2007). It is important to ensure that these experiences
do not reinforce stereotypes about the masculine culture of computer science and engineering
(Cheryan et al., 2017).
Fourth, a related question for future research is to compare actual technology experience with different control groups to specify the necessary and sufficient ingredients of the treatment. It is possible
that a less direct exposure to technology might have similar effects. For example, could watching a
video of the robot moving, or of another girl programming the robot, create as high interest and
self-efficacy as when girls do the programming themselves? Researchers could also examine the effectiveness of pair programming, in which children take turns being the active programmer (the ‘‘driver”)
or watching for errors (the ‘‘navigator”) (Lewis, 2011). Another potential comparison could be whether
a nonprogramming activity related to STEM (e.g., a spatial game like Tetris) influences children’s technology motivation. We believe that the current control using a storytelling activity still remains valuable; for many children, the choice of whether to pursue a technology activity is contrasted with
pursuing a nontechnology activity.
Finally, this study should be replicated with a larger sample size. Some of the effects that were nonsignificant in this study may become significant with greater power.

Conclusions
The gender gap in participation in STEM, and computer science and engineering in particular, is a
persistent issue in U.S. culture (Cheryan et al., 2015). Girls have fewer experiences than boys with
robotics and computing and report less interest in these activities. There are also pervasive U.S. stereotypes that boys have more ability in STEM (Beilock, Gunderson, Ramirez, & Levine, 2010; Else-Quest,
Hyde, & Linn, 2010; Nosek et al., 2009).
However, the current research also suggests malleability; positive experiences with programming
can lead to higher motivation in robotics and programming for girls compared with girls without these
experiences. Teachers, parents, and policymakers who create positive STEM experiences for girls have
the potential to put girls on academic trajectories that can lead to more participation in computer
science and engineering. Although we did not systematically compare technology experiences at earlier or later ages, evidence from other research indicates that providing girls with experiences at an
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early age is an important consideration for theory and practice. In one retrospective survey of professional scientists, 66% of women reported that their interests in science were galvanized prior to middle school (Maltese & Tai, 2010). Although simply an initial step in a larger program to motivate more
girls to enter STEM, the current findings highlight the importance of rich educational experiences in
sparking girls’ motivation in STEM.
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