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Abstract

With the recent successes of research in Artificial Intelligence (AI),
specifically Machine Learning (ML), infusion of ATl and ML concepts and
use of tools can help increase the responsible adoption of Al and ML in
different disciplines. We report on the design of a workshop on ML,
results from the evaluation of the workshop, and suggests topics and
pedagogical approaches that may be adopted for disseminating the core
concepts of ML which are among the most prevalent data-driven mod-
eling approaches in AI. The workshop individually targeted a diverse
range of participants including college and university faculty members
from different disciplines at 2-and-4 year institutions. The materials of
the workshop were made publicly available. Future workshops and edu-
cational modules building on this work will be able to infuse knowledge
of the frontiers of Al and problems & benefits.

1 Introduction

When AI pioneer Geoff Hinton says “Deep learning is going to be able to do
everything,” [7] many are likely to take notice, but understanding and agreeing
on what exactly he means by everything and what it means to be able to do
those things can become a very challenging task. Dr. Hinton is in a group
of esteemed individuals who have been making similar statements. Even after

*Copyright (©2021 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.

48



these pronouncements there seems to be a significant number of examples where
the actions of Al in the real world are of major concern [13].

Disseminating Al knowledge is an important goal and institutions of higher
education need to lead in this effort by engaging educators and researchers
from multiple disciplines. The overall goal of the workshop development and
implementation project reported in this article was to conceptualize, design,
and implement a model for individually targeted infusion of Machine Learning
(ML) concepts and skills. It describes the experiences of the authors who
organized a summer workshop (July 20-24, 2020) on teaching ML techniques
at Fayetteville State University (North Carolina). The foundation for launching
this effort targeted professors at 2-and-4-year colleges and universities. It had
two goals: 1) Increase understanding of the successes of Al and its limitations
as described above, 2) Provide an enriching teaching and learning experience
using active learning pedagogical techniques.

In addition to existing data trends from national market analyses on current
and future jobs in Al and allied fields, the authors collected their own data to
better understand and assess the local demand for teaching Al in colleges and
universities. This was done by gathering feedback from faculty members from
local community colleges and universities using online surveys, personal cor-
respondence, conducting site visits to colleges and universities, doing lectures,
and having follow up conversations.

2 The Need for Teaching ML at Colleges and Universities

The authors conducted a series of lectures at various institutions within the
University of North Carolina System including: Winston Salem State Uni-
versity, Elizabeth State University, NC A& T State University, and UNC Pem-
broke. The lectures were attended by both faculty and students from Engineer-
ing disciplines and Sciences. The authors also conducted phone conversations
with local officials from Cumberland county (where Fayetteville is located) and
the adjacent Bladen and Hoke Counties that are primarily rural and under-
served counties of the state.

As a follow up to the visits and conversations, an online survey was adminis-
tered to assess the biggest need area(s). A total of 39 responses were recorded.
The most common response (above 70%) was Artificial Intelligence (AI). The
respondents indicated that it is a high priority to educate underrepresented
students, students from underserved areas such as rural and/or remote commu-
nities, and first-generation college-enrolled students, to help prepare them for
future education and the STEM workforce and particularly AT within STEM.
In line with the directions suggested by the survey respondents, there are con-
versations happening at international meetings like the AAAT 2020 Workshop
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on Equity and Diversity in AI [3]. AI researchers and educators are also re-
searching the discrepancy in the quality of education worldwide, including Al
education.

Fayetteville State University is also in the proximity to Fort Bragg, one
of the largest military installations in the country. The military personnel
and their spouses make up a significant portion of the student population and
contractors seek talented graduates. The students trained in computing and
developing ML applications are in increasing demand. Job searches on Google
and Glassdoor using simple terms such as “data scientist,” “Al,” “Fort Bragg,”
and “Fayetteville,” yield in 50+ hits.

3 Machine Learning Explainability

Numerous barriers prevent students from acquiring AT skills [3]. Underserved
communities typically lack resources—equipment such as computers among
other tools. While adequate supply of equipment remains a challenge, an-
other gap is limited physical space for conducting hands-on Al activities such
as robotics and distributed sensing for decision making. Other challenges are
lack of enough trained instructors qualified to teach Al with qualified members
leaving underserved communities in search of better opportunities. Because
of these reasons, most underserved communities face critical challenges in ed-
ucating local students in AT and therefore, fail to accommodate the rapidly
changing state of art in AI, especially development of new ML models and
their applications.

In addition to the above challenges, there are specific challenges related to
the limited explainability of AT models [12]. AI models are very heterogenous
requiring a substantial effort to construct an integrated teaching approach. Ex-
plainability is a growing area of research in ML [4, 11]. Most of the research
is oriented towards explainability as an indicator of limitations of ML mod-
els in various disciplines [14, 10, 15]. ML explainability is strongly related to
educational “explainability.” In order to design the individually targeted AI
workshop, the authors have extracted from the literature a taxonomy of ex-
plainability components [6, 5|that directly relate to the educational applications
and outcomes to help construct educationally-oriented ML “explainability.” An
important characteristic of the workshop plan was to emphasize diversified ML
content and teaching methods that are responsive to the needs of learners from
both Computer Science and other disciplines.

Several core elements of each ML process and the taxonomy of the “explain-
ability” of ML processes in a broader sense are presented in the table below.
According to this classification, “transparency” is the first component and it ad-
dresses the fundamental issue of understanding any ML process. In a basic ML
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process, a model is learned from the given input data and with a specific learn-
ing algorithm. Then, in the next phase, the output results are computed using
the learned model. Transparency of an ML process can therefore be further
classified into the transparency of an overall process structure and function,
the transparency of individual process components, the transparency of the
learning algorithm, and transparency of how the specific solution is obtained
by the algorithm. This document refers to these four transparency categories
as shown in Table 1 as: process transparency, component transparency, trans-
parency of learning algorithm, and transparency of testing algorithm.

Informally, full transparency is the opposite of the "black-box” restricted
visibility, where using an ML model to perform predictions is the main goal,
but the question of how the model outputs its predictions is left unanswered.
Transparency thus indicates the level of understanding on how the model actu-
ally works. Transparency was explained further by referring to simulatability
(considering the entire model) decomposability (considering individual com-
ponents) and algorithmic transparency for the learning and testing algorithm.
All transparency categories determine how well each component’s function and
structure can be explained in understandable terms to a human.

The analysis of the role of hyper-parameters is also important in order to
consider all ML process complexities. Hyper-parameters can determine general
model structure, components, optimization algorithm, learning rate, and the
size of stochastic sampling, and are often chosen in a heuristic fashion [12].
Due to the possible presence of several local minima, the solution is usually
not easily reproducible; therefore, these decisions are not transparent. They
can be considered as part of the transparency of the process or associated with
the learning algorithm. Transparency of ML processes is an important part
of student learning knowledge since this knowledge is needed to optimize the
models with respect to high accuracy. Recently there is also growing need to
provide the explanation of output results with respect to domain knowledge
[11].

In addition to “transparency,” another core element of each ML process is
identified in Table 1. This category is titled “explainability for domain knowl-
edge” and it requires techniques to discover the underlying reasons for the ML
to produce specific results. The explanability of a complex ML process can
be improved by using simpler models with only less accurate result. Tradi-
tionally, decision trees were used for the explanation of results. More recently
the model-agnostic module LIME [11] by Ribeiro et al. was proposed. In the
latter case, feature importance can be detected by local linear proxy model in
the neighborhood of a focused data. The educational content analyzed here,
namely ML processes, is diversified in terms of explainability as shown in the
Table 1. Such content is significantly different from content in other areas/dis-
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ciplines and making the educational process effective requires special effort.
Frequently, ML processes cannot be easily explained, and the user has to deal
with “black-box” models. Mapping the hard-to-explain content with the proper
pedagogical methods is critical. There are multiple pedagogical approaches to
teaching various algorithms, procedures and rules developed for the “black-box”
or “gray box” approach.

4 POGIL as a Teaching Method To Address ML Teaching
Challenges

The Process Oriented Guided Inquiry learning (POGIL) teaching technique
[9] supported the authors efforts and help them design hands-on activities in
AT education. They aligned explainability (Table 1) into the POGIL teaching
method. As a result, they were able to choose the best teaching method instead
of applying one solution that may not fit all.

Table 1: Taxonomy of Al Processes Explainability

Transparency | Transparency | Transparency | Transparency | Explainability
Model/ . . X
Aleorithm Of Whole Learning Testing Hyper- for domain

g Process Algorithm Algorithm Parameter knowledge

Linear . . . . .
Regression High High High High High
Decision Tree | High High High High High
SVM Moderate to | \foqerate Moderate to | oy Low

High High
Generic NN M'odcrato to Moderate Modcratc to High Low

High High
8220211:1 tional Low to Low to Low to Low to Low to

Y S Moderate Moderate Moderate Moderate Moderate

Networks
Generic NL. Low Low Low Low Low
Deep Learning

As a pedagogical approach, POGIL allows students to socially construct
knowledge through iterative cycles that include three steps: exploring a model,
inventing a concept, and applying the resulting ideas. A growing body of re-
search indicates that relative to lecture-based approaches, POGIL supports
student learning more effectively [8]. It allows for a structured approach that
requires participants to work in self-managed or regulated teams to explore
content, ask questions, solve problems, conduct analysis, record the proceed-
ings, and cooperate to draw valid conclusions. While there are any number of
student-centered active learning classroom techniques, POGIL is unique in that
it makes students responsible for their own learning, in collaborative teams, so
it helps them develop group process skills while they are gaining content knowl-
edge.
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Within the POGIL methodology, the authors used an Al platform called
Google Colab which hosts notebook service for AT and Data Science [2]. The
main intent behind using the POGIL technique was to enable workshop par-
ticipants to learn and work in teams, collaborate to understand a concept and
solve a structured problem or set of questions rather than being given the con-
tent via a lecture by a teacher. In summary, the POGIL approach included:
1) Faculty generated model and related content and 2) Specific problem or
defined set of questions for small groups to solve/answer with little guidance
from the facilitator.

5 Workshop Organization

In summer 2020, the authors of this paper hosted a week-long workshop titled
Strategies to Train and Engage Students In Artificial Intelligence. The work-
shop brought together educators from across North Carolina who learned to
use new tools and strategies for teaching AI that would benefit students from
diverse backgrounds [1]. The workshop was evaluated by MN Associates, Inc.
(MNA). A total of 19 participants engaged in hands-on sessions offered at the
AT workshop. Of these, one of the educators was from a community college and
18 were from various universities. The following were goals of the workshops:

e Develop strategies to provide Al knowledge and skills to college students

e Develop techniques for exposing students to the frontier of AI knowl-
edge—problems & benefits emphasizing Machine Learning

e Developing and applying Al computing frameworks including Cloud com-
puting for ML

e Using Python with AT libraries

e Integrate AI computer coding in teaching methods

In the pre-workshop phase the authors and MNA co-developed an online
participation interest form (pre-survey) that was sent to various UNC system
colleges, universities, and high schools to help recruit workshop participants.
Questions related to demographic questions as well as prior/current knowledge
of AT topics such as Regression, Decision Tree, and Artificial Neural Networks
were posed. Upon completion, the authors extended a formal e-invite to the
participants in preparation of the workshop.

Daily post-survey questions were posed as a series of multiple-choice and
open-comments questions related to each day’s sessions. In both pre- and post-
workshop surveys, the participants were asked to rate on a 5-point Likert scale
(Low to Very High) the level of their understanding of three topics- Regression,
Decision Tree, and Artificial Neural Network before and after the workshop.
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6 The Workshop and Results

During the workshop three model building approaches were introduced: Re-
gression, Decision Tree, and Artificial Neural Networks. The materials from
this workshop are available on Github [1].

6.1 Regression

The relatively well-known regression model was introduced first. Understand-
ably, the initial level of the understanding of the topic among the participants
was already very high compared to other topics. Still, majority of participants
reported that their understanding of regression model improved after the expo-
sure to POGIL lessons. During this phase of the workshop it was evident that
there were two relatively different groups of participants in respect to previ-
ous exposure to ML concepts. The percentage points change in understanding
from pre-to-post workshop is shown in Figure 1.

Pre- and post-distributions of ratings on understanding of regression (N = 18)
Pre Post

Very Low - 1 1%
2 1%
3 17% 33%

28%

Very High - 5 17% 39%

S

Figure 1: The percentage points change in understanding from pre-to-post
workshop for regression model.

6.2 Decision Tree

The less-known (relative to Regression) Decision Tree learning model was in-
troduced next. Surprisingly, the initial level of the understanding of the topic
among the participants was already high compared to other topics. Our hy-
pothesis is that the answers were related to using the decision tree and not
necessary constructing it in a bottom-up method from labeled data, as done
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in ML. Based on the survey, majority of participants also reported that their
understanding of Decision Trees model improved after the exposure to POGIL
lessons. During this phase of the workshop it was observed that the first group
moved from level 1 and 2 to level 3 and the second group moved from level 3
to 4 or 4 to 5. There were no big jumps as in the case of regression but smaller
and consistent growth of reported knowledge. The percentage points change
in understanding from pre-to-post workshop is shown in Figure 2.

Pre- and post-distributions of ratings on understanding of decision tree (N = 18)

)

re Post

Very Low - 1 11%

2 28%

22% 39%

4 28% 28%

Very High -5 1% 33%

w

Figure 2: The percentage points change in understanding from pre-to-post
workshop for Decision Tree model

6.3 Artificial Neural Network (ANN)

The ANN model was introduced last. The results of workshop here show a
considerable impact. First of all, the initial level of the understanding of the
topic among the participants was much lower compared to other topics. The
majority of participants also reported that their understanding of ANN model
improved significantly after the exposure to POGIL lessons. The percentage
points change in understanding from pre-to-post workshop is shown in Figure
3.

7  Summary

Based on the assessments conducted by the authors during a summer workshop
on teaching Al, results from the evaluation of the workshop, and understanding
the burgeoning needs of Al education, this article suggests topics and peda-
gogical approaches that may be adopted for disarming the core concepts of
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Pre- and post-distributions of ratings on understanding of ANN (N = 18)
Pre Post

Very Low - 1 39%
17% 22%
3 11% 22%
4 28% 39%

Very High -5 87 17%

N

Figure 3: The percentage points change in understanding from pre-to-post
workshop for ANN model

ML which are among the most widely used data-driven modeling approaches
in AI. These workshops may be individually targeted to a diverse range of
participants including both Computer Science and non-Computer Science stu-
dents, and college and university faculty members from different disciplines at
2-and-4 year institutions. The content of future workshops and educational
modules should continue to expose students to the frontier of Al knowledge
and problems & benefits.
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