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ABSTRACT

We developed a short, easily implemented survey that measures
the similarity in phrases describing the self and a computer scien-
tist. Additionally, we took initial steps in determining adjectives or
phrases that describe a stereotypical computer scientist. We then
administered this survey before and after an eight-week summer
computer science program for high school girls. We found that
phrases or adjectives used to describe the self converged with those
to describe the computer scientist. In addition, descriptions of both
were more positive at the end of the program compared to the be-
ginning. Finally, the stereotypical of a computer scientist decreased
from the beginning to the end of the program. Future work includes
refinement of the stereotype measure and assessing different types
of computer science programs.

Categories and Subject Descriptors
K.3.2 [Computer science education]: Metrics—identity change
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1. INTRODUCTION

‘Women are dramatically underrepresented in computing classrooms
and careers [13]. A variety of causes for this underrepresentation
have been proposed, including the "experience gap" [9, 2], and
stereotypes of computing as "geeky" and boring [4]. One factor
in students’ sense of fit with the major is their sense of belonging
[15], or their sense of identity as the kind of person who fits in.

In recent years, a number of programs have been developed to pro-
vide young women experience with computing [3]. These pro-
grams range from one-day workshops to longer summer programs.
In general, these programs attempt to increase girls’ experience
with computing in order to decrease the experience gap and to
overcome the stereotypes that computer science is dry, boring, and
solitary. These programs have increased participants’ interest in
computing and taught skills and concepts, generally demonstrated
through the use of pre- and post-survey measures [1]. However,
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prior studies have not investigated the attitudes of girls towards
computer scientists themselves. Prior research has determined that
computer scientists are stereotyped as nerdy and male [6]. How-
ever, youths may find these stereotypes to be dated, as recent media
has portrayed computer science and its practitioners in a positive
light. Such examples include the character Abby on the popular
U.S. television show NCIS, the movie The Social Network, and on-
line videos produced by Code.org. Research needs to shed light on
how young women perceive computer scientists and the extent to
which computing programs can change participants’ perceptions.

By late childhood, students can identify traits that describe them-
selves [10]. By adolescence, such as our high-school aged partic-
ipants, students are able to identify personal goals, motives, and
values that apply to themselves. Erikson defines identity as the
sense of self which is continuous and unchanged across settings [7].
As individuals mature, they become more nuanced in their under-
standing of themselves as social actors. They behave appropriately
for different situations and roles (e.g. daughter, student, friend),
and some researchers emphasize the effect of roles and situations
on identity [11]. However, people generally maintain a consistent
self-attribution even when performing roles differently, such as the
class clown who is respectful and polite at a funeral. Nonetheless,
the assumption of a social role can change people’s self attributions.

Therefore, it is plausible that students who participate in an im-
mersive activity may affiliate more closely with the domain as the
result. While measures of identity are subject to the person’s per-
ception of themselves and the situation, it is possible that we may
measure underlying change. Students in an intensive computing
setting may be more likely to find computer science traits salient
than non-stereotypical identity traits, and recall them more readily.
In an all-female setting where computer science is valued by au-
thority figures, such as teachers, as well as by peers, the potential
for social sanction for identifying with a stereotypically-divergent
identity is much lower than it might be in a different setting, such
as a mixed-gender school or athletic competition.

While we feel this to be important, measuring student perception
is difficult. For example, the "Draw a Scientist" test [5] allows for
open-ended expression, but interpreting the results is both time con-
suming and subjective. In addition, it could be that students draw
a stereotypical scientist even if they do not believe that stereotype.
Further, it does not allow for comparison between students’ per-
ception of themselves and their perception of a scientist. We intend
to improve this measure in a way that better reveals the intended
construct.



2. METHOD
2.1 Participants

This study took place as part of a summer program for high school
girls, ages 15-17. Participants (N = 162) applied to take part in
the program and were chosen based on an essay, teacher recom-
mendation, and grades. Although girls had to be interested enough
to attend, there was no expectation of prior experience with com-
puter science.

2.2 The Program

The program took place in eight locations across the United States,
with each location enrolling approximately 25 students. Students
attended the program 7 to 8 hours a day, five days a week, for eight
weeks. They were taught by a computer science teacher and as-
sisted by one or two course assistants. Various guest speakers vis-
ited over the course of the program. The curriculum was designed
to teach the girls a variety of computer science topics, including
programming, robotics, and web design, all an introductory level.
The program culminated with an open-ended project where small
groups of students used what they had learned to design a techno-
logical solution to a problem they had identified.

2.3 Design and Procedure

Data were collected twice, at the beginning and end of the pro-
gram. As an introductory activity, students completed a survey
about their interests and experiences with computing. At the begin-
ning of the survey, they were presented a page with 30 empty boxes
with the title, "Describe Yourself" and the description, "Spend ap-
proximately 1 minute and list all the adjectives or phrases you can
think of to describe yourself, such as "athletic," "creative," or "likes
math." Please put each word or phrase in its own box." They then
responded to the rest of the survey which had questions about their
plans for the future, computing, and family support; this took ap-
proximately 45 minutes. At the conclusion of the survey, they
were prompted to describe a computer scientist with the descrip-
tion, "Spend approximately 1 minute and list all the adjectives or
phrases you can think of to describe a computer scientist, such
as "athletic," "creative," or "likes math." Please put each word or
phrase in its own box." A current version of this tool can be viewed
athttp://awesome.stanford.edu/words.

Data were collected again during the final days of the program. The
prompts were identical to the initial survey; the parts of the survey
in between included questions about students’ experience in the
program rather than prior computing experience, but was of similar
duration.

Upon receiving the data, we performed a spell check using MS
Office. In almost all cases, the intended word was obvious, but
if we had any doubt, we did not alter the word (e.g. "Jonatic,"
which is a Jonas Brothers fan, remained unchanged.) Ten students
who completed the pre-survey did not complete the post-survey,
and were excluded from any comparison analysis.

2.4 Analysis

2.4.1 Perception of Computer Science

We examined two dimensions of participants’ perception of com-
puter scientists. First, we investigated how positively participants’
view computer scientists, a measure we refer to as "sentiment".
Second, we investigated how closely participants’ perception of
computer scientists matches widely-held but oversimplified images

Stereotype Anti-Stereotype
Smart Passionate
Intelligent Fun
Determined Funny

Likes Science  Cool
Hard Working  Curious

Table 1: Most common stereotypes and anti-stereotypes (ex-
cluding words in the prompt)

or ideas, a measure we refer to as "stereotype". We leveraged robust
machine learning algorithms to measure these traits.

Sentiment Analysis. The Natural Language Processing commu-
nity has produced a substantial amount of research on Sentiment
Analysis [14]. Models are trained on large datasets extracted from
across the Internet to determine if a word has positive or negative
connotations. Sentiment is scored on a scale from -1, very negative
to +1, very positive with 0 meaning neutral. For example “intelli-
gent" has a positive sentiment (0.9) and “sickly" is negative (-0.5).
Contemporary models are able to achieve high accuracy on pre-
dicting word and short phrase sentiment. The model that we use
was trained by AlchemyApi using a dataset of 200 billion words
and is especially adept at “noisy" data (e.g. words with slang, mis-
spellings and idioms) '. We define the sentiment of a set of student
words to be the average sentiment of each of the users’ phrases:

2 pew (p)
S(W) = =
W
Where S(W) is the sentiment of the collection of phrases W, and
0(p) is the sentiment generated by AlchemyApi for phrase p.

Stereotype Analysis. To our knowledge, a standard measurement
of phrase stereotype does not exist. So we used the same intuition
behind sentiment analysis to generate a measure of the degree to
which a phrase conforms to the computer science stereotype. We
selected the 100 most popular terms to describe a computer sci-
entist, blind to pre/post prompt. These 100 phrases accounted for
59% of user phrases. We scored the phrases with a number +1 for
stereotypical and -1 for anti-stereotypical. For example “collab-
orative" and “artistic" were given scores of -1 and “serious" and
“likes-science" were given scores of +1. See table 1 for the most
common stereotypical and anti-stereotypical terms. We then used
phrase similarity measures to propagate stereotype labels to simi-
lar words [12] 2. When we were not confident whether a phrase
was stereotypical or not, it was given a neutral score of 0. Given a
stereotype score for each phrase, we calculated the stereotype score
in the same manner as the sentiment score.

2.4.2  Computer Science Identity

Another perspective into the attitudes of girls towards computer
science is to observe the similarities and differences between the
words that they use to describe themselves and computer scientists.
To measure the similarity between “self" and “computer science"
descriptions, we computed the Jaccard Similarity Index, which is
the ratio of the number of words in common between the two sets
divided by the total unique words in the two sets. A score of zero
indicates that no adjectives were common between the two sets,
whereas a score of 100 indicates the sets are identical.

"http://www.alchemyapi.com/api/
Zhttps://code.google.com/p/word2vec/


http://awesome.stanford.edu/words
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Figure 1: Tag cloud of the words students used to describe (a) self and (b) computer scientists on the first day of the program. Word
size is proportional to popularity. The prompt word “creative' which was the most used in all descriptions, was not included.

3. RESULTS

There were 971 unique phrases students used to describe them-
selves and 740 unique phrases students used to describe computer
scientists. Figure 1 shows the most common words that students
used to describe themselves and computer scientists at the begin-
ning of the program. In describing themselves, a paired t-test re-
vealed no significant difference in the number of adjectives used at
the beginning (M = 8.9, SD = 4.47) to the end (M = 9.16,
SD = 4.46), t(147) = —0.89,p = 0.37. However, in describ-
ing a computer scientist, there was a significant difference in the
number of adjectives used between the beginning (M = 6.02,
SD = 2.42) and the end (M = 6.91, SD = 2.95), t(147) =
—3.25,p = 0.001.

In addition, girls changed how they described computer scientists,
as shown in Figure 2. Pre-survey descriptions were more stereo-
typed (M = 0.41, SD = 0.44) compared to post-survey (M =
0.09, SD = 0.42), which is a significant difference (two-tailed
bootstrap, p < 0.0001). Also, descriptions were significantly more
positive, from pre (M = 0.75, SD = 0.37) to post (M = 0.89,
SD = 0.19), (two-tailed bootstrap, p < 0.001). By compari-
son, girls expressed more positive sentiments about themselves as
well, from pre (M = 0.76, SD = 0.40) to post (M = 0.85,
SD = 0.283, p = 0.002).

At the end of the program, the girls used almost twice as many
common adjectives in their descriptions of selves and computer sci-
entists than they did at the beginning of the program, as shown in
Table 2. The Jaccard similarity index between self and computer
scientist phrases significantly increased from 8.00 (SD = 0.59) to
13.32 (SD = 9.38), (two-tailed bootstrap, p < 0.0001). More
girls had at least one common adjective rather than a few girls hav-
ing many more common adjectives—at pre-survey, 58.8% of partic-
ipants had a non-zero Jaccard index, at post, 79.3% had at least one
common adjective.

We found that the overlap between student’s post description of
computer scientists and their pre description of self (7.0) was lower
than the overlap between their post description of self and their pre
description of computer science (8.5), also shown in Table 2, This is
evidence that the changing perception of self drove the convergence
between self descriptions and CS descriptions.

preCs  preSelf postCs postSelf
preCs - 8.0 19.2 8.5
preSelf 8.0 - 7.0 19.2
postCs 19.2 7.0 - 13.3

postSelf 8.5 19.2 13.3 -

Table 2: Mean Jaccard Similarity between sets of responses.

4. DISCUSSION

We asked high school students to describe themselves and a com-
puter scientist both before and after an eight week computer science
program. In describing themselves, they used on average, nine ad-
jectives both before and after. In describing computer scientists,
from the beginning of the program to the end, participants were
more positive, less stereotypical, and on average they provided an
additional adjective. We view this as evidence that they have a bet-
ter understanding of what is a "computer scientist."

We can imagine how this could come to be. In the beginning, the
participants may have had a vague notion of a computer scientist,
and may not have had any particular person in mind when they were
describing a computer scientist. Even if a girl had a parent who is a
computer scientist, that parent would play the role of Mom or Dad
who happens to do computers while she is at school. However, at
the end of the program, they have had many interactions with peo-
ple who they primarily identify as computer scientists. The instruc-
tors, the teaching assistants, and guest speakers would all interact
primarily in that role. We have some evidence that students may
have been thinking of a specific person at post-survey in that one of
the largest increases in adjectives was the word "helpful."

With this possible mechanism in mind, we still find a convergence
between phrases used to describe the self and phrases used to de-
scribe a computer scientist from the beginning to the end of the pro-
gram. Independent of the technical skills they learned over course
of the program, these participants saw themselves as more similar
to a computer scientist. In examining professionals making transi-
tions in the workplace, Ibarra found that one task was to observe
role models to identify potential identities, and another was to ex-
periment with a provisional self [8]. We suggest that this converg-
ing list of descriptive phrases is preliminary evidence of both.
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Figure 2: The change in the perception of Computer Scientists shown in (a), which is the difference in means for sentiment and
stereotype scores. The histograms of stereotype scores for (b) the pre-test and (c) the post-test.

S. CONCLUSION

Our easy to administer and relatively unobtrusive measure has shown
that participants of one particular program view themselves more
similarly to computer scientists at completion. Students self-selected
to attend this program, and had generally positive attitudes through-
out. With regard to this positive sentiment, we are pleased to report
that we did not find a ceiling effect with a group who would be
likely to demonstrate one.

One limitation of this work is that our team labeled the most com-
mon words with our own contemporary perception of stereotype.
We attempted to weight the words as stereotypical, neutral, or aster-
eotypical independent of whether they were positive (smart) or neg-
ative (geeky.) However, we may not be hip to the jive of what the
kids are stepping in these days. (And that sentence is almost cer-
tain proof that we are not always picking up what they are putting
down.) Therefore, we must expand and trim the lexicon of stereo-
typical words as language evolves. It is not clear that the same
stereotypical words will be stereotypical five years from now. This
will be an area of focus for us.

Another step we intend to take is to suggest the use of this measure
with other programs that are less time intensive. For example, we
might consider comparing a required computer science class to a
non-required one. We hypothesize that the stereotypical measures
and the sentiment measures may change differently in these two
courses.

Without a doubt, we need more women computer scientists. We
hope to contribute by providing a measure that gives formative
feedback to programs and classrooms that have that aim, making
this larger endeavor more successful.
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