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Abstract

Women are underrepresented in the information
systems discipline as well as other STEM fields. A
common explanation for the significant gender gap is
the difference in women’s and men’s self-efficacy
concerning information systems (IS) tasks and roles
during their secondary education. As a potential
solution, this study explores how chatbot tutors impact
confidence differently between 136 women and men in
an introductory programming course. Our findings
confirmed prior research showing that while men have
greater confidence in information systems tasks, there is
no difference in performance in those tasks between
women and men. Next, we found that a chatbot used
during learning can improve confidence of all students.
Finally, and most importantly, we found that the effect
of a chatbot tutor is stronger for women than for men.
Therefore, chatbot may be a valid tool to lessen the
gender gap in the information systems discipline.

1. Introduction

A recent report published jointly by Accenture and
Girls Who Code indicates that the gender gap in the
information technology industry may be worsening [1].
For example, women comprised 35 percent of IT
workers in 1984 compared to 32 percent in 2020. In
addition, women leave IT roles at a rate 45 percent
higher than men. Part of this problem can be traced back
to university programs where only 25 percent of tech
graduates are women, who tend to drop IT classes at a
higher rate than others (37 percent compared to 30
percent). This gap is problematic for both ethical/moral
reasons and for organization performance given the
ample evidence that greater diversity has a direct
positive effect on performance outcomes in teams [2],
top management [3], and organization level [4].

One explanation for this gap is that although there
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are not actual gender differences in the ability to learn
IT skills and perform in IT roles, college and work
cultures are not inclusive enough [1]. Research shows
that while there are no performance differences between
women and men, women tend to have lower confidence
in their abilities—thus, leading them to avoid tech
disciplines more so than men [5, 6]. As a result, research
that can explain both why women feel less confident and
strategies to reduce these feelings would be of great
value to the information systems (IS) discipline.

A recent study by Garrow, et al. [5] demonstrated
one possible explanation, or correlation, for gender
confidence differences. In their study of dropout rates
from an introductory IS programming course, they
found that women are significantly less likely to seek
help on their coursework from instructors, teaching
assistants, fellow classmates, and even their own family
members. Similar results have been found in
organizational learning [7]. A common explanation for
this difference is that help seeking implies incompetence
or failure [7]. Given that women have been
demonstrated to have higher average rate of self-
consciousness [8] and greater fear of judgement and
failure [9], it is understandable that they would be less
likely to seek help from others who they feel may judge
them. It is no surprise that women have been found to
exhibit a higher rate of self-concealment during their
university education [10].

Help seeking is a critical success factor in both
university [11] and organizational learning [12].
Therefore, if the IS discipline is going to eliminate the
gender gap in students, employees, and top
management, it is imperative to help women feel
comfortable seeking help without fear of judgement
beginning in their early-stage coursework.

The root of a student’s fear of social judgement
comes from the negative emotions (shame,
embarrassment, and lowered self-esteem) derived from
the assumption that others (instructors, teaching
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assistants, classmates, family, and friends) will harshly
judge the student and rate her or him less competent or
less important [9]. However, once a student feels
competent, this fear subsides and is no longer a barrier
to their continuance. Therefore, the purpose of this
research is to identify and test a solution to reduce or
eliminate this fear of judgement during the early stages
of a college student’s educational experience until they
can gain sufficient self-confidence to ensure their
continuance in the IS discipline.

Conceptually, there are two general approaches to
address this issue. Either a) help women (and men) to
overcome or eliminate the fear of judgement and self-
consciousness, or b) provide help without a possibility
for human judgement and shame. While both may be
worthwhile strategies, this study focuses on the latter
option by examining a fast-evolving technology from
our discipline: chatbots—computer programs designed
to simulate conversation with human users. Chatbots are
increasingly used for both organizational and university
learning [13]. Chatbots eliminate the concern of social
judgement and shame by taking the human out of the
equation. Chatbots have evolved significantly over time
and offer an interesting degree of human-likeness which
can make them a valid alternative to seeking help from
another human [14].

For this study, we developed a custom chatbot for
the Slack messaging platform to examine whether it can
improve confidence among IS students in an
introductory programming course at a large private
university. We confirm two known findings: 1) women
have less initial confidence than men, and 2) despite
confidence differences, there is no performance
difference between men and women. We also contribute
two new findings: 3) a chatbot tutor can increase
confidence among all students, and most importantly,
can have a greater positive effect on women than men.
The implication is that chatbots may be a promising
strategy to retain women during their formative
secondary coursework.

2. Emergence of Chatbots in Education

Chatbots have become a popular topic in education
the last several years. Chatbots have been created to aid
in learning foreign languages, answering administrative
questions and frequently asked questions [13, 15-18].
There has also been an increase in the number of
chatbots built to guide students in learning programming
languages, especially in beginning level programming
classes. For example, Hobert [19] built a chatbot that
could respond to open-ended questions, assess source
code, or guide students in step by step learning; Daud,
et al. [20] created a chatbot to support students on Java
programming problems; and Okonkwo and Ade-Ibijola

[21] developed a chatbot for teaching Python to
programmers to improve comprehension. Because of
the early success of chatbots, researchers have studied
ways of making them more effective such as
demonstrated serverless chatbot architecture [22],
including natural language processing and machine
learning capabilities [18], improving chatbot efficiency
[23], improving chatbot comprehension [21], and
maximizing memory retention [24]. Overall, the vast
majority of chatbots studied in prior research were
found to be useful sources of help for students and
improved student outcomes.

Chatbots can serve many purposes as an assistant in
the classroom. In some ways, chatbots can perform
better than a human teaching assistant (TA). A chatbot
assistant in the classroom can be available 24/7 to
answer student questions, always responds instantly,
and will not judge or become frustrated with student
queries. As mentioned above, students may be willing
to ask questions of a chatbot that they would not ask a
person for fear of embarrassment. Because of their
conversational interface, a chatbot can act as a social
companion, increasing engagement [14].

2.1. Why Women May Benefit More Than Men

Our primary motivation and intention is to discover
whether women may benefit more than men when using
chatbots in an education context.

While chatbots can be a resource available to all
students, they are particularly beneficial for those who
might be hesitant to approach someone else for help
(such as a teaching assistant or instructor). That
hesitancy may come from a variety of places, including
a desire not to appear incompetent or unknowledgeable,
or from general social anxiety [9]. For example, in their
study of women in STEM (science, technology,
engineering, and math) disciplines, Nelson, et al. [9]
discovered that women had greater fear of shame,
embarrassment, others devaluing their self-estimate,
future uncertainty, and failure which led to lower levels
of self-esteem and self-efficacy.

Providing an automated computer conversation
with no human in the loop can help ease the burden for
those who would not feel comfortable displaying
vulnerability [25]. However, this logic only explains
why a student may prefer a chatbot over a human for
help. To understand gender differences, we turn to
learning theory incorporating gender differences.

Severiens and Ten Dam [26] compared two of the
predominant learning theories to derive an overall
model that could specifically differentiate female and
male characteristics. Their model is based on the
epistemological reflection theory [27] on ways of
knowing and patterns of reasoning as well as Vermunt’s

Page 1003



theory [28] on learning styles and learning conceptions.

The epistemological reflection theory posits that
men and women develop at similar rates, but with
important differences in their process of progressing
their knowledge from an absolute and factual
information to relative and contextual theory-based
wisdom. In a longitudinal study establishing this theory,
Magolda [27] discovered that women are more open to
learning from the perspectives and experiences of others
which they incorporate into their own perspective
whereas men are more individually focused on their
own learning process and perspective. The implication
of this is that women would be more naturally inclined
to benefit from help seeking whereas men benefit more
by learning on their own.

This epistemological reflection theory implies quite
a tension for women who simultaneously feel more
apprehensive about help seeking because of social
judgment and embarrassment. Based on this theory,
chatbots are a custom-fit solution for women because
they simulate learning from the perspectives of another
(as opposed to figuring things out on their own as
favored by men) without the shame or embarrassment
of feeling judged by another.

Furthermore, Magolda [27] identifies two general
patterns of learning that include the roles of the learner,
peers, teacher, assessments, and the nature of the
knowledge. Adapted from [26, 27], Table 1 summarizes
these roles and patterns:

Table 1. Epistemological reflection theory

Receiving Mastering
pattern pattern
Role of learner: obtain listening ask questions
knowledge
Role of peers: share social contact, | debate learning
knowledge create relaxed material
atmosphere

Role of teacher: provide minimal use interesting
knowledge interaction methods
Role of assessments: multiple provide feedback
demonstrate knowledge | opportunities
Nature of knowledge: facts and value depends on
certain or absolute opinions degree of detail
Predominant gender of female male

learners favoring the
pattern

Magolda [27] found that women generally
preferred the receiving pattern in which the learner is
expected to listen as opposed to asking questions. Peers
are expected to provide social contact and created a
relaxed atmosphere. Teachers are expected to have
minimal interaction. Assessments should provide
multiple opportunities to succeed. By nature, those who

prefer the receiving pattern perceive knowledge as a set
of facts and opinion.

This pattern, generally preferred by women (on
average) more than the mastering pattern, is well-suited
to chatbot technology. For example, in the classroom,
students can learn by listening—knowing that they can
ask questions later from the chatbot. Because the chatbot
allows the learner to use peers for social contact rather
than to debate learning material, they will have a more
relaxed atmosphere in the classroom. The chatbot
allows the learner to have minimal interaction with the
instructor while interesting methods of learning can be
programmed into the chatbot. A chatbot can have
assessments integrated, but it may not have a direct
effect on assessments at all. Finally, a chatbot is easy to
program with facts and opinions although it can also
include various levels of granularity in the details.

In summary, a chatbot allows the learner, peers, and
teacher to fulfill their roles well regardless of whether
the learner prefers the receiving pattern versus the
mastering pattern; thus, making the educational
experience more dynamic. Given that women generally
prefer the receiving pattern, and assuming that IS
courses are taught more commonly by men favoring the
mastering pattern, we expect that chatbots will have a
stronger effect on improving the learning experience of
women than men.

2.2. How Women Will Benefit More Than Men

Several outcomes of help seeking have been
identified and studied in prior literature including
student engagement [29], knowledge increase [30], and
self-efficacy [5]. We are particularly interested in self-
efficacy. Based on Bandura’s social learning theory
[31], self-efficacy is one’s confidence in their ability to
perform an action or accomplish a task. Figure 1
visualizes the basic antecedents and consequences of
self-efficacy [31].

Experience \
Vicarious

experience T

Coping effort

>
Self-Efficacy
Physiological and +

. A
affective state Task
performance
Social judgements
Figure 1. Self-efficacy theory
Self-efficacy theory posits that an individual’s

performance outcome for a given task may be based
more on their confidence in their ability to perform the
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task than their actual ability. This is because those with
higher confidence in their capability are more likely to
exhibit “coping” strategies and persist longer on tasks.
As aresult, an individual with high self-efficacy and low
capability may outperform another with low self-
efficacy but high capability.

Our self-efficacy varies over time based on our
experiences, observations of others (vicarious
experience), social judgements, and psychological
states, our level of self-efficacy is theorized as a process
model where it is both an indicator to, and outcome
from, our performance over time. For example, self-
efficacy has been modeled as both an indicator of help
seeking in the classroom [32] (and, therefore,
performance) as well as an outcome of help-seeking [5].
Self-efficacy has also be correlated with lower levels of
fear, embarrassment, isolation, judgement, and
discrimination in the classroom [32]. Self-efficacy also
predicts student retention [5] which is the motivating
factor of this study making it ideal for our purposes.

Self-efficacy has been modeled both as a global,
reflective construct as well as task-specific formative
construct [33]. We are interested in task-specific self-
efficacy because we wish to model the effects of
chatbots (moderated by gender) on a student’s
confidence that they can perform the tasks taught in a
particular course. Task self-efficacy must be defined
uniquely to the context it is relevant to. Based on the
unique purposes of the IS discipline, we draw from
research on creative self-efficacy (CreaSE).

The belief in one’s ability to creatively solve
unstructured problems is referred to as CreaSE [Gong et
al. 2009; Richter et al. 2012; Tierney and Farmer 2002].
Most recently, IS researchers have adapted this
construct to measure IS creative self-efficacy (CreaSE)
which refers to, ““...an individual’s belief in their ability
to develop creative solutions to new or unstructured
business problems through the development of
information systems that support business process and
the people who execute them” [34, pg. 5].

Based on core theory on human creativity [35],
CreaSE is a second-order formative construct with five
independent factors [34]: 1) affect, 2) business skills, 3)
intelligence, 4) people skills, and 5) technology training.
Affect refers to our emotions, moods, and attitude [36]
toward creative problem solving which has a significant
effect on our creative performance. For example,
negative affect can reduce our “flexible thinking” and
problem-solving capabilities on complex tasks [37].
Business skills is a person’s knowledge about the
business domain they are working in including
processes, strategies, and management. Intelligence
refers to the cognitive ability for creativity a person is
innately born with. People skills is a person’s ability to
collaborate effectively with others on a team and

combine the good ideas from others into their own
problem-solving framework. Finally, technology
training refers to the technology skills, such as
programming, data analytics, and computer systems,
which will be combined and implemented in creative
ways to solve IS problems (see Figure 2).

Gender
H2 \
CreaSE at Time 2
Affect
Chatbot Usage Hl y .| Business Knowledge
9 o Creativity
Peaple skills
A \ Tech skills
- A
Help Inside Help _Outsu:ie
(other students (fe‘gllfrlend_s a'r:d
in the class) amily notinthe | | creasse at Time 1
class)

Figure 2. Self-efficacy theory

In summary, we model self-efficacy using the
CreaSE measurement and model chatbot usage as an
antecedent of CreaSE. Chatbot usage is a form of
mastery of experience as defined in self-efficacy theory
[31]. In particular, successful usage of the chatbot to
find answers and complete course assessments should
lead to greater confidence. To understand the effects of
chatbot usage on CreaSE, it is important to measure
CreaSE over time. Therefore, we include a CreaSE
measure before chatbot usage as an important covariate.

To validate whether chatbot usage is truly replacing
the need for help in coursework, we include two
antecedents of chatbot usage: help received from peers,
instructor, and TAs for the course, and help received
from outside of the course such as family members and
friends who are not currently enrolled in the course.

Because women have been found to have
significantly lower self-efficacy than men in both
academic [38] and technology [39] contexts, we model
gender as a covariate explaining CreaSE. The two
relationships that are unique to our study are
hypothesized below:

HI: Use of a chatbot teaching assistant increases
the CreaSE of all students

H2: Use of a chatbot teaching assistant increases
the CreaSE of women more than men

3. Methodology
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To test our model, we developed a chatbot for the
Slack platform (the primary communication medium
used in the course) for students at a private university in
the western United States. Students participated in a pre-
and post-test survey at the beginning of the Spring 2021
semester. Both the surveys included measures of
CreaSE [5] using a 7-point Likert scale as well as a test
on coding knowledge and skills based on prior research
designed to accurately measure student programming
knowledge [40]. Although not included in our model,
we measured a pre- and post-test of programming
knowledge to confirm that women and men have equal
performance regardless of self-efficacy differences.

Demographics were measured in the post-test (see
Appendices A and B). A total of 147 students enrolled
in the intro to computer programming course across four
different sections with three different instructors. Of
those, 136 completed both the pre- and post-test survey
in full. The average age of survey participants was 21.5
years old with just under 73% being male and the other
27% being female. After the pre-test survey was
completed, students were introduced to the chatbot and
made aware that they could use it, if they desired, to help
them in the course. The students were given
approximately seven weeks to interact with the chatbot
following which they completed the same survey again.
This post-test survey also included a self-reported
measure of the student’s perception of how much they
used the chatbot during those seven weeks. Survey data
was dropped for students that failed to complete the pre-
chatbot usage or post-chatbot usage surveys as the data
could not be used to draw any conclusions.

3.1. Chatbot Details

The chatbot, which we named Skylar, was built
using Google’s DialogFlow as the conversational
platform, MySQL for the database, and Slack as the
connection platform where students could directly
interact with the chatbot. The name Skylar was chosen
to be gender-neutral. Skylar has the following four main
functions: help students learn coding concepts (learn
function), drill students’ coding skills by asking coding
questions based on a chosen topic (drill function),
review for tests (review function), and provide practice
programs for students to build in their preferred coding
environment (practice program function). In addition to
these functions, Skylar has some small talk capabilities
including telling jokes. Skylar was already in the class
Slack workspace so students only had to direct message
the bot to get started; starting with “Hello,” Skylar then
guided them through how to use it by explaining the
purpose and offering a main menu where the user could
select one of the four main functions.

Hello

Skylar A°P 2:01 PMm

Welcome! My name is Skylar and | am going to help you reck this semester!

If you need help at any point in our chat, just say 'help, and we will work together to figure out the issue!
You can say ‘feedback’ to be able to leave some feedback on how | am doing.

To return to these main options throughout our chat, just say ‘main menu'
What would you like to work on today?

Learn Concepts | Drill Concepts | ReviewforaTest  Code a Program

Figure 3. Starting conversations with skylar

3.1.2. Database. The MySQL database, used as a
foundation for Skylar’s response, includes descriptions,
syntax, examples, and drill questions for each
programming concept taught in the course (i.e., arrays,
classes, variables, etc.). For each question, the database
also contains the appropriate answer. Additional
resources such as YouTube videos and links to
W3Schools lessons students can reference in their
learning are also included.

A user table keeps track of the unique ID of each
Slack user which we used to trace each student’s CreaSE
and skills performance with his/her chatbot interaction.

3.1.3. Learn Function. When students choose the Learn
Concepts button, they are asked to select a specific
concept. The concept is taken from the request, then
queried from the database and the explanation is
returned to the user. Most concepts contain a definition
of the concept, what the correct syntax looks like, and
an example. In addition to this, students could select a
“More Resources” button where additional resources
were shared such as W3Schools links, class videos, or
helpful resources from other sites. Students could also
click the “Test My Knowledge” button to get 2 to 5
practice questions based on the specified concept.

ﬂ 4:10PM
1 teach me about the DOM

Skylar APF 4:10PM

DOM:
DOM stands for Document Object Model and is created when a web page loads. The W3C
Document Object Model (DOM) is a platform and language-neutral interface that allows programs
and scripts to dynamically access and update the content, structure, and style of a document. The
DOM is called by using document then methods and properties can be called.
HTML DOM methods are actions you can perform (on HTML Elements). Below are the most
common methods:

getElementByIld()

getElementsByTagName()

getElementsByClass()
HTML DOM properties are values (of HTML Elements) that you can set or change. Below are the
most common properties:

innerHTML

value
Syntax
document . methods
document . property
Examples
document . getElementById('output');

More Resources Test My Knowledge Main Menu Submit Feedback

Figure 4. Learn function example
3.1.4. Drill Function. When students choose to drill

their skills, 17 buttons appear covering all the main
topics taught in the course. Students could pick one of
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the options, then specify how many questions they
wanted. Skylar then pulled related questions in random
order from the database. Students could answer the
question, then for the majority they could also view an
explanation of concepts and mechanics to aid
understanding. There are 3 types of questions including
multiple choice, true or false, and open response
questions. By having the different types, it allows for
students to increase familiarity with conceptual aspects
as well as practice writing code. After the quiz, Skylar
gave students their score and study suggestions.

15. What will the following code print out?

wvar iCount = 3;
wvar aNumbers = [];

do

{
iCount--;
aNumbers . push(iCount);
1iCount--;

}

while (iCount > 3)

alert({aNumbers);
A3 B.2 c.4 D.1

Figure 5. Drill function example

Each programming principle is labeled as a
subcategory under a main concept in the database. For
example, string methods (i.e., splice, indexOf,
substring, etc.) all fall under the string concept. Each
question is linked to a subcategory, and consequently, a
main category as well. If a student is drilling the string
concept, they may understand the splice method well but
miss the questions on the substring method, in which
case Skylar would inform the user to study substrings.

3.1.5. Review Function. The course has two midterms
and a final exam. Every concept in the database was
connected to an exam where students would be tested on
the concept. When students chose the review function,
they were asked which test they wished to study for and
how many questions they would like. This information
was then used to query sample questions from the
database matching the practice exam chosen (for the
final exam, it gathered questions from all categories).

‘What test do you want to review for?

Midterm 1 Midterm 2 Final Exam

How many questions would you like?

10 20 30

Your questions have been generated to review. Click next to begin. Good luck!

Next

1. The information enclosed in the head tag is always shown somewhere on the webpage

True False

Figure 6. Review function example

The drill and review function questions were pulled
from the same table. At the end of the review students
are given their score and concepts to study.

3.1.6. Practice Program Function. The practice
program function was designed for students who want
direction for extra mini-projects they could use to
further test and develop their skills.

What level of project do you want to practice?

Beginner Intermediate Advanced

Gathering projects...

Difficulty Level: Beginner
Pick a project from the ones listed below:

Random Quote Generatora

. ==
5 min 13
=
When the “Generate Quote” button is pressed, it triggers a change in

quote and the author who said it, grabbing values from arrays.

& Skills: Arrays, Random

Figure 7. Review function example

Students could choose from 18 programming
prompts (six each for beginner, intermediate, and
advanced levels). When this function starts, Skylar asks
what level of program they want. After selecting the
level, students see a list of prompts, including a title that
links to more details if available, time estimate, picture,
description, as well as a list of skills the program will
use. These projects are coded in the users preferred
coding environment.

3.5. Small Talk Ability. Skylar also has some small talk
abilities that improve the experience which have been
shown to be useful in chatbot research [19].

4. Results
4.1. Measurement Model

Table 2 summarizes the measures of convergent
and discriminant validity, reliability of the latent
constructs as well as the multicollinearity of all
exogenous variables. All established criterion were met
or exceeded [41]. The average variance extracted (AVE)
for each latent factor were each above 0.50, suggesting
that more than 50% of variation in levels of CreaSE in
the surveyed IS students can be explained by chatbot
usage. Composite reliability (C.R.) and Cronbach’s
alpha were above the 0.7 threshold. Every AVE—found
in bold font along the matrix diagonal--was greater than
the squared correlation. Although not depicted in Table
2, every variance inflation factor (VIF) for all variables
was lower than 3.
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Table 2. Measurement model statistics

AFF BUS INT PEO | TRA a | CR.

AFF | 0.8170.240 |0.352 [0.161 | 0.182[0.757 | 0.855
BUS | 0.490] 0.799]0.365 [0.347 [0.667 [ 0.811]0.876
INT | 0.593] 0.604] 0.715] 0.292{0.292 [ 0.759] 0.836
PEO | 0.401] 0.589] 0.540| 0.765( 0.407 [ 0.763 | 0.849
TRA | 0.427| 0.817] 0.540] 0.638] 0.738] 0.723 | 0.825

4.2. Hypothesis Testing

The theoretical model (see Figure 2) was tested
using a partial least squares (PLS) structural equation
model (SEM) using the tool SmartPLS 3.2.8 [Ringle et
al. 2015]. Path coefficients indicate the measured
relationships. A bootstrapping procedure (3000 sub-
samples) was used to estimate path significance.

Before testing our model, we generated another
model to determine whether gender or chatbot usage had
any effect on the student’s actual performance as
measured by the pre- and post-test programming skills
questions found in the appendix. CODE refers to the
five multiple choice questions while PSEUDO refers to
the five questions requiring the students to write pseudo
code to solve a problem. PSUEDO was scored/graded
by two teaching assistants who agreed on all scores. We
found no significant effect of gender on their
performace on the programming knowledge questions
answered at Time 2 (the end of the course). In addition,
the use of the Skylar chatbot did not signficantly affect
student performance on the programming questions.
However, as expected, their performance on the pre-test
programming questions did significantly impact their
performance at the end of the semester (see Table 3).

Table 3. Coefficient estimates on performance

Relationship

Gender -> CODE -0.110 0.919 0.179
Gender -> PSEUDO -0.056 0.577 0.282
Skylar Minutes -> CODE -0.161 1.008 0.157
Skylar Minutes -> PSEUDO 0.044 0.545 0.293
CODE: Timel ->Time2 0.288 2.547 0.006

PSEUDO: Timel -> Time2 0.644 10.196 0.000

After confirming that there are no performance
differences by gender, nor by using the chatbot, we
proceeded to test our theoretical model to see whether
chatbot usage and gender had effects on CreaSE. Figure
8 vizualizes the results while Table 4 summarizes the
exact coefficients, t-scores, and p-values. In summary,
every subdimension of CreaSE improved significantly
from Timel (pre-chatbot) to Time2 (post-chatbot). The
number of minutes estimated by the student that used
the Skylar chatbot significantly improved the CreaSE
sub-dimensions of affect (AFF), intellect (INT), and
technology training (TRA). Business skills (BUS) and

people skills (PEO) were not significantly affected.
Therefore, H1 was confirmed as three of the five
dimensions were improved. In addition, help seeking
from peers, TAs, and the instructor significantly reduced
number of minutes spent using the chatbot (B = -
0.154*). As expected, men (coded 0) had more CreaSE
at Time2 than women (coded 1) which is consistent with
prior research. Most importantly, the interaction terms
for the CreaSE subdimensions AFF and INT were
significantly higher for women than for men. Thus, H2
was confirmed, indicating that chatbots have a greater
impact on improving confidence in women than men.

Gender

N' o kkk
ns. -*

CreaSE Change

Affect
Chathot Usage Y _ | Business Knowledge
o Creativity
n.s.-* People skills
A \ Tech skills
* n.s
- '
Help Inside Help Outside bl
(other students (fglrgilmsgtdii ?Q: .
in the class) Y Prior CreaSE
class)

Figure 8. Model testing results

Table 4. Hypothesis testing results

CreaSE_AFF: Timel -> Time2 0.509 5.848 0.000
CreaSE_BUS: Timel -> Time2 0.364 4.305 0.000
CreaSE_INT: Timel -> Time2 0.426 4.772 0.000
CreaSE_PEO: Timel -> Time2 0.560 7.021 0.000
CreaSE_TRA: Timel -> Time2 0.484 6.205 0.000

-0.154 1.897 0.029
-0.019 0.211 0.416

Help_Inside -> Skylar Minutes
Help_Outside -> Skylar Minutes

Skylar Minutes -> CreaSE_AFF 0.172 2.092 0.018
Skylar Minutes -> CreaSE_BUS 0.040 0.356 0.361
Skylar Minutes -> CreaSE_INT 0.167 2.089 0.018
Skylar Minutes -> CreaSE_PEO 0.103 1.147 0.126
Skylar Minutes -> CreaSE_TRA 0.179 2.004 0.023
Gender -> CreaSE_AFF -0.043 0.464 0.321
Gender -> CreaSE_BUS -0.111 1.147 0.126

Gender -> CreaSE_INT -0.273 3.112 0.001
Gender -> CreaSE_PEO -0.186 2.311 0.011
Gender -> CreaSE_TRA -0.140 1.738 0.041
Gender * Skylar min -> CreaSE_AFF  0.181 1.961 0.025
Gender * Skylar min -> CreaSE_BUS  0.076 0.633 0.264
Gender * Skylar min -> CreaSE_PEO  0.105 0.983 0.163
Gender * Skylar min -> CreaSE_TRA  0.082 0.826 0.205

Gender * Skylar min -> CreaSE_INT ~ 0.170 1.624 0.052

Notes: 0=Male, 1=Female
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5. Discussion

Each of the primary objectives of this research were
accomplished and/or supported. First, our study
confirmed two results from prior research: 1) women
have less confidence than men in some IS course topics,
and 2) despite confidence differences, there is no
performance difference between men and women. We
also contributed two unique findings: 3) chatbots can
increase confidence (measured as CreaSE in the IS
discipline) among all students (H1), and most
importantly, 4) chatbots have a greater positive effect
among women than men (H2).

Assuming that theories like epistemological
reflection [27] accurately reflect the differences in
learning process and orientation between women and
men, then chatbots appear to be a valid and useful tool
to help women in IS courses to develop greater
confidence which can be replicated beyond this
research. By so doing, chatbots may help IS programs
to retain more women who begin foundational courses
in our discipline as noted by Garrow, et al. [5]; thus,
helping to reduce the gender gap in female
representation in IS programs.

There are several specific findings of interest that
should be discussed in greater detail. For example,
men’s levels of confidence were higher than that of
women which is what we expected based on prior
research [38]. This validates the course context used for
this study since it replicates that of known research.
However, it is interesting to note that this was only for
intellect, people skills, and technology training—not for
attitude or business skills. This highlights the unique
problem that STEM fields like IS face. Other disciplines
like general business do not face the same gender
confidence gap that IS does.

Three of the five subdimensions of CreaSE (affect,
intellect, and technical training) increased over the
course of the semester with chatbot interaction.
However, business skills and people skills were not
affected. This is explainable because the purpose of the
course (and chatbot) was to improve programming skills
(i.e. technical training) which included the need to be
creative to complete course assignments. Successfully
completing these tasks would naturally increase one’s
confidence in their attitude, intellect, and training. It is
logical that business skills and people skills would be
unaffected. Therefore, the lack of effect on those sub-
dimensions does not detract from supporting H1.

The significant effect of getting help from others
within the course (peers, TAs, and instructor) on
minutes spent using the chatbot confirms that the
chatbot was a valid option for help seeking. The fact that
help sought outside of the course (family and friends not
enrolled) did not significantly reduce the minutes spent

using the chatbot does not invalidate the chatbot, but
simply indicates that outside help was not needed.

Also of note, the greater improvement in CreaSE
that women found in the affect and technical training
sub-dimensions (thus, supporting H2) were not
replicated in the other three sub-dimensions. However,
the coefficients for those three moderating effects were
positive. Therefore, if those relationships are replicated
in future research, they would eventually be statistically
significant with a large enough sample size. The
smallest of those coefficients was the moderation of
gender on the effect of chatbot usage on business skills
(B = 0.076)—again highlighting that the need to help
women gain confidence is not as great as the general
business discipline.

The primary limitation of our study was the
measure of chatbot usage. It was a self-reported
perception measure of how many minutes they spent
using the chatbot. Although the student could view their
chatbot history in making this estimation, it will
naturally have some error. We propose that future
research conducts similar experiments with a more valid
measure of time spent with the chatbot (e.g. usage logs).

Future research should also verify whether the
improved confidence in women from chatbots is
maintained throughout future courses and whether it
truly improves retainment of women in IS programs.
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7. Appendix

Table A1. CreaSE survey questions

B. Switch statement
C. For loop
D. While loop

c4

A class in programming is a prototype that can be used to create
objects. Describe below what an object is:

C5

Which of the following correctly describes characteristics of a
compiled programming language? Mark all that are true.

A. In compiled languages, a second program is required to
understand and execute the code.

B. A processor can directly execute the code from a compiled
language.

C. Compiled languages are generally faster than interpreted
languages.

D. Compiled languages must be rebuilt after every change.

AFF1: | believe that | would have the determination necessary to
creatively solve IS problems.

AFF2: | believe that creative IS problem solving would be very
interesting to me.

PC

Write the logic in pseudocode to see if baked cookies are done.
Take into consideration a time and the level of doneness for the
cookies. If the cookies are done, take them out of the oven.

AFF3: | believe that | would be enthusiastic about creative IS
problem solving.

BUS1.: | believe that | have the domain knowledge necessary to
identify the root cause of an IS problem.

PC

Write the logic in pseudocode to increment the score of a
basketball game. Only worry about the home team score. If the
team makes a free throw, add 1 point to the score. If they make
a regular shot, add 2 points; and if they make a 3-pointer, add 3
points.

BUS2: | believe that | have the expertise necessary to solve complex
IS problems.

BUS3: | believe that | have enough knowledge about business
processes to create better solutions.

INT1: | believe that | have the ability to understand an IS problem
from multiple angles.

INT2: | believe that | have the ability to think unconventionally to
find IS solutions.

INT3: | believe that | have the mental capacity required to
understand the root cause of an IS problem.

PC |Write the logic in pseudocode to count how many items you
3 |have in your grocery basket to get a total price.
Write the logic in pseudocode for a block of code you want to
PC Juse in multiple programs. The code should get student
4 |information including first name, last name, student ID number,
major, and GPA.
You have a list of teams with a team name and team score for
PC |each team. Write the pseudocode that sorts the list of teams
5 |with their scores ranked from lowest to highest and maintains

the team name with the appropriate score.

PEOL1.: | believe that | understand why people respond the way they
do to new IS ideas.

PEO2: | believe that | understand how people will react to changes in
business processes.

PEOS3: | believe that | understand how people will interact with new
technology.

TRA1L: | believe that | have the data collection skills necessary to
create IS solutions.

TRA2: | believe that | have the data analysis training required to
create unique IS solutions.

TRA3: | believe that | have the IT skills necessary to create new IS
solutions.

Table A2. Competence survey questions

Which of the following are characteristics of a strongly typed
programming language? Mark all that apply.

A. In strongly typed languages, data types must be declared for
each variable defined.

B. Variables are declared without defining which data type the
C1 |variableis in strongly typed languages.

C. When using a strongly typed language, only the keywords
const and let can be used to create variables.

D. Errors are less likely to occur during compile time when using
a strongly typed language as opposed to a loosely typed
language.

What is the difference between a function and a method in

C2 .
programming?

You're given a list of textbooks with their respective prices and
need to add up the total cost of all the textbooks. Which of the

C3
following would be the BEST statement to use?

A. If/then statement
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