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ABSTRACT

It’s critical to foster artificial intelligence (AI) literacy for high school
students, the first generation to grow up surrounded by AI, to
understand working mechanism of data-driven AI technologies and
critically evaluate automated decisions from predictive models. While
efforts have been made to engage youth in understanding AI through
developing machine learning models, few provided in-depth insights
into the nuanced learning processes. In this study, we examined high
school students’ data modeling practices and processes. Twenty-eight
students developed machine learning models with text data for
classifying negative and positive reviews of ice cream stores. We
identified nine data modeling practices that describe students’

processes of model exploration, development, and testing and two
themes about evaluating automated decisions from data technologies.
The results provide implications for designing accessible data modeling
experiences for students to understand data justice as well as the role
and responsibility of data modelers in creating AI technologies.
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1. Introduction

Artificial Intelligence (AI) has become a ubiquitous facet of our daily lives. We see it in spam filters,
personalized search, and the many recommender technologies we encounter in our everyday activi-
ties on theWeb. In addition, we are bombarded with the news about the role of AI in every sector of
our lives, most recently chatbots, like ChatGPT, becoming more prevalent in customer service, vir-
tual assistants, and other applications that require human-like communication. Meanwhile, there
are concerns about the ethical implications of AI and the potential impact on employment and
society as a whole. It features as well in the research of our field (e.g., Csanadi et al. 2018; Erkens,
Bodemer, and Hoppe 2016; Holtz, Kimmerle, and Cress 2018; Williamson and Eynon 2020). Our
young generation should be given high-quality academic training that empowers them to partici-
pate in the public discourse about AI (AI4K12 2019). It is a challenge to position youth to be
thought leaders in this public discourse without fostering an in-depth understanding of what
exactly AI is, how AI works, and why and where AI is used.

Efforts have been made to engage youth in understanding AI through developing machine
learning models, a branch of AI that is concerned with learning patterns from data and making
predictions based on the patterns. For instance, Zimmermann-Niefield and colleagues (2019)
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provided an embodied learning experience for youth to make machine learning models for
recognizing their own physical activities. They found that youth developed an understanding
of how machine learning models learned patterns of body movements and this could contribute
to the understanding of the iterative process of machine learning. In addition, Google developed
web-based tools (e.g., Teachable Machine) to make machine learning accessible to the public,
including youth (Carney et al. 2020). These studies stressed the cultivation of data literacy
among youth as modeling data is a core concept in machine learning.

It’s important to promote data literacy and support the youth to explore the social and ethi-
cal implications of data and data technologies, including data-driven AI technologies. Being
data literate entails the ability to use data effectively in diverse situations, including skills
such as locating, evaluating, analyzing, and applying data to support decision-making and pro-
blem-solving (Pangrazio and Sefton-Green 2020; Perrotta 2013). A growing area of study,
known as critical data studies, investigates learning designs that engage youth in understanding
the procedures for collecting, analyzing, and using data, as well as the power structures that
underlie these procedures (Philip, Olivares-Pasillas, and Rocha 2016). As part of critical data
studies, researchers suggest that two key elements that learning designs should cover are
data justice, which involves addressing issues such as bias, discrimination, and power imbal-
ances that may arise from the use of data (Dencik et al. 2019); and data ethics, which involves
addressing ethical issues such as privacy, informed consent, and transparency in the handling
of data (Shapiro et al. 2020). These elements are essential for preparing young students to
become responsible consumers and creators of data technologies in the future (Philip, Schu-
ler-Brown, and Way 2013). The growing body of work on data literacies, critical data studies,
data justice, data ethics, and more broadly data science reflects a growing awareness of the
importance of data in our society and the need to help youth develop the skills and literacies
necessary to navigate, make sense of, and shape this datafied world (Pangrazio and Sefton-
Green 2020).

In data-driven AI technologies, data modeling is a core concept as computers gain their ‘intel-
ligence’ by learning from data. The growing attention to data literacy in pre-college education
(e.g., Haldar et al. 2018; Pangrazio and Sefton-Green 2020) has partially responded to this learn-
ing goal. However, the data literacy community has primarily focused on structured data, which
are already in rows and columns, ready for modelers to manipulate and analyze. What has been
neglected are those unstructured and semi-structured types such as text, image, and video. While
humans can comprehend and enjoy these raw materials, they mean little to nothing to machine
learning algorithms. Modelers must extract features and create structures from the raw data so
that machine learning algorithms can detect meaningful patterns (Witten et al. 2016). Identifying
these structures, applying appropriate domain knowledge, and creating computable represen-
tations – these human processes are inseparable from the machine learning processes and largely
determine the nature of the intelligence being created. These foundational data practices are cur-
rently missing in pre-college education. Integrating unstructured data into pre-college data
science education will serve a dual purpose of equipping youth with the essential data literacy
skills to handle such data and also providing them with an understanding of how humans use
creativity to develop computable representations. By doing so, they will not view AI as a mystical
concept (a common belief that views machines acquire knowledge without any human involve-
ment and in a manner that is incomprehensible; Long and Magerko 2020) but rather as a result
of human endeavors.

To address the research gap in K-12 data science education, our work focuses on advancing stu-
dents’ understanding of structures in seemingly unstructured data, a fundamental concept cutting
across all AI fields that exploit unstructured data such as text, image, audio, and video. In particular,
engaging students in building models with unstructured data is important, for one to address the
gap in building data literacy skills and the other, critically evaluate automated decisions from data-
driven AI technologies.
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2. Theoretical framework and literature review

This study was guided by two theoretical perspectives: technical democracy (Callon, Lascoumes,
and Barthe 2011) and situated learning (Lave and Wenger 1991). By using the theoretical frame-
work of technical democracy, we closely observed how students responded to the societal impli-
cations of data technologies during data modeling processes. The theoretical lens of situated
learning emphasizes that learning is situated in social and physical contexts and occurs through par-
ticipation in authentic activities. We drew on this perspective to explore how students engage in
data modeling practices through authentic activities (in this study, developing data models using
real-world datasets). Specifically, the situated learning lens of data modeling guided us to concen-
trate on contexts that may impact data modeling practices and processes. Together, these two theor-
etical perspectives provided a comprehensive framework for investigating how students can
develop the necessary skills and knowledge to understand the societal implications of data technol-
ogies and to engage with them responsibly. In the following section, we first introduce the two
theoretical lenses and then provide an overview of the literature review on data modeling.

2.1. Technical democracy

Technical democracy is a theoretical framework that highlights the importance of democratizing
the development and use of technologies. At its core, it is concerned with creating an environment
in which the public have the knowledge, skills, and opportunities to participate in decisions about
technological systems (Callon, Lascoumes, and Barthe 2011). This framework challenges the notion
that technological development should be left solely to experts, and instead emphasizes the impor-
tance of including diverse perspectives and experiences in the design and use of technology (Land-
ström et al. 2011). In other words, technical democracy emphasizes the need for democratic
participation in the decision-making processes surrounding technology.

Technical democracy also recognizes the role of power and inequality in shaping technological
systems, with an emphasis on addressing power disparities that may result from the application of
technology (Thompson et al. 2022). This perspective includes addressing issues such as digital
divide, access to technology, and ensuring that technology is used in ways that benefit everyone
in society.

We drew on this theoretical perspective to explore instructional and technological strategies to
support youth in understanding the societal implications of data technologies. This approach seeks
to equip students with knowledge and skills needed to engage critically and thoughtfully with data
technologies, and to prepare students to create more equitable and just data systems that serve the
needs of society. Overall, this perspective provides a valuable framework for designing effective
strategies to support data literacy and the development of awareness in responsible data use and
technology development among youth.

2.2. Situated learning

The situated perspective of learning values that participation in meaningful practice primarily
engenders learning (Johri, Olds, and O’Connor 2014; Lave and Wenger 1991). Goodwin describes
situated learning as a ‘practice-based theory of knowledge and action’ (1994, 606). Central to this
practice-based view is an emphasis on a process of constructing knowledge and negotiating mean-
ing in an authentic and meaningful context (Brown, Collins, and Duguid 1989). The impact of con-
text is pervasive in situated theories (Brown, Collins, and Duguid 1989; Greeno, Collins, and
Resnick 1996). Jonassen (2011, 159) describes that, in situated perspectives, learning occurs as ‘a
product of activity, context, and culture’. For Lave and Wenger (1991), learning is a socially
mediated process in a community of practice where individuals participate in meaningful practices
and grow from peripheral to legitimated members in the community.
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We adopt this situated perspective to understand students’ data modeling experiences and prac-
tices. Modeling, a process of developing representations of phenomena being experienced in order
to engender conceptual change, has been an effective learning strategy for knowledge construction
in mathematics and scientific domains (Jonassen 2011). For example, mathematical modeling
allows students to engage in a cyclical process to represent authentic problems and their internal
relations into mathematical languages and then discover solutions using mathematical knowledge
and concepts (Haines and Crouch 2007; Verschaffel, Greer, and Corte 2002). Erbas et al. (2014) also
indicate this process prompts students to construct their understanding of mathematic concepts in
an authentic context. The study involved having students work on data modeling tasks that were
based on real-world datasets, providing them with an authentic experience. Additionally, this
type of task closely mirrors the workflow in professional settings (Medhat, Hassan, and Korashy
2014). We expect that this authentic task could provide valuable insights into students’ data mod-
eling experiences and practices from a situated perspective. By adopting this perspective, we aim to
gain a deep understanding of how students engage in the process of developing representations of
real-world phenomena.

2.3. Literature review: data modeling

Data modeling is defined as practices wherein learners formulate, structure, and represent data into
a solution in response to the variability of a problem (Kazak, Fujita, and Turmo 2021; Lehrer and
English 2018). Modeling has been a primary practice in data science education, but limited research
has specifically shed light on data modeling. A unified understanding of student practice of data
modeling is needed.

Existing research on students’ practices of working with data mainly addressed mathematical
modeling. Mathematical modeling has been integrated into the curriculum as one critical skill
for K-12 students (Pfannkuch, Ben-Zvi, and Budgett 2018). Garfield and Ben-Zvi (2008) also inves-
tigated students’ practices of using statistical models to solve mathematical problems. Students may
identify appropriate statistic models and use them to represent the problem in data and deal with
the variation of the data. Alternatively, students may determine the model use based on the dataset
in order to articulate the variability in the data (Garfield and Ben-Zvi 2008). Modeling practices
allow students to work with data and its variation, but the importance of connecting data with
the context has been overlooked. Students’ interaction with data has been viewed as a socio-tech-
nical practice (Jiang and Kahn 2020) in which context, technology, and learning intertwine to
impact students’ knowledge construction. Effective data modeling practice should end up with sol-
utions that fit the context where the modeling practice occurs (Pfannkuch, Ben-Zvi, and Budgett
2018).

Specifically, Pfannkuch, Ben-Zvi, and Budgett (2018) reviewed three types of contexts that may
impact data modeling practices, including data context, learning experience context, and designer
context. Data context, described as the original context that the data is stemmed from, establishes
the social-cultural phenomenon that the data may interpret. Data usually contains rich information
beyond just numbers. For example, Eberendu (2016) outlines unstructured data that may comprise
various formats of data such as images, texts, audio, and videos. When modeling the variations of
the data, students are expected to attend to the unstructured data and translate them into numbers
for analysis. In addition, learning experience context addresses the context in which students par-
ticipate in modeling practices, including learning environments and students’ prior knowledge or
experience, which may affect students’ performance in data modeling (Pfannkuch, Ben-Zvi, and
Budgett 2018). Furthermore, designer context describes the context that the technological tool or
software affords for data modeling (Wilkerson and Laina 2018). The context for students to interact
with technology may be constrained by the designer’s perspectives on data science practices (Pfann-
kuch, Ben-Zvi, and Budgett 2018).
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More recently, researchers argue that it is critical for students to understand how artificial intel-
ligence (AI) technologies gain their ‘intelligence’ and evaluate automated decisions from these tech-
nologies (Tatar et al. 2021; Long and Magerko 2020; Ruppert et al. 2023). For this reason, efforts
have been devoted to supporting students’ AI understanding through engaging them in data mod-
eling practices. As an example, Lee and colleagues (2021) held a summer AI workshop in which
secondary school students built image classification models. They found that students’ AI under-
standings and knowledge about biases in data increased significantly at the end of the workshop.
Similarly, Sakulkueakulsuk and colleagues (2018) organized a workshop in which secondary school
students were introduced to machine learning concepts by classifying fruits using different features
(e.g., length, color, and shape). At the end of the workshop, students gained an in-depth under-
standing of fundamental machine learning topics such as training and testing data. Collectively,
these studies showed that engaging students in building data models could promote a critical
understanding of the working mechanism of model decision-making. However, the focus of the
studies is mostly on the learning outcomes rather than the students’ learning processes. By studying
the learning processes, researchers and educators can gain a deeper understanding of how to sup-
port and enhance students’ learning experiences, leading to effective educational practices. To fill
the research gap, this study examines students’ data modeling processes in classrooms. Specifically,
we address the following research questions (RQ):

RQ1: What are the practices that describe students’ data modeling processes?

RQ2: What learning opportunities emerge from classroom discussions that could support students’ critical
evaluation of automated decisions from data technologies?

3. Method

3.1. Context and participants

This study took place in a high school Journalism class at a magnet school in the Northeastern Uni-
ted States. In the school, approximately 47% of the students were eligible for free or reduced-price
lunch. Twenty-eight students from a journalism class participated in this 15-day study (45 min each
day). A journalism and English Language Art teacher from the school, Ms. Smith (all names are
pseudonyms), taught the class. The class was an elective course and was open to any students
from any grade. Therefore, we had a diverse student population in terms of grade level (Table 1)
and race and ethnicity (sixteen, African-American; six, White; six, Latinx; one, prefer not to answer;
one student self-identified as both African-American and Latina). Among them, nineteen were
female and nine were male. 22 students expressed their intention to enroll in a 4-year college
after graduation. Regarding prior knowledge about AI, three students shared that they never
learned about AI, and twenty-five of the students explained that they heard about AI

Table 1. Backgrounds of the participants.

Characteristics Number of Participants

Gender
Female 19
Male 9

Grade
10th 3
11th 9
12th 16

Race/Ethnicity
African American 16
White 6
Latinx 6
Prefer not to answer 1

Note: One student identified herself as multiracial.
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through media such as TV shows and movies. None of the students received any formal training
related to AI.

Students engaged in activities in a curriculum with seven learning modules. The first three mod-
ules were designed for students to get familiar with AI concepts with a focus on building machine
learning models with text data as well as being aware of ethics and bias in the process of developing
data models and deploying these models for use in different fields. In the next two modules, stu-
dents used StoryQ (a web-based text-mining platform developed by the research team, as shown
in Figure 1 in the findings section; Jiang et al. 2022) to build models using a dataset from ice
cream restaurant reviews on Yelp (i.e., an American company that publishes crowd-sourced reviews
about businesses). The reason we selected this particular learning task is because it involves classi-
fying reviews, which is a task that is commonly performed in professional fields like marketing and
customer service (Medhat, Hassan, and Korashy 2014). By engaging in this task, students could gain
an authentic learning experience that is relevant to real-world scenarios. Specifically, in the module
of ‘sentiment analysis’, students were introduced to concepts related to building models to classify
negative and positive reviews. In the module of ‘features and models’, students were required to
improve the model accuracy to 80% by changing the features (i.e., computable representations)
used to build the model. In the module of ‘all the words as features’ (sixth module), students
explored a unigram model that considers all unique words in the dataset as features. In the last
module, students reflected on human responsibilities in developing AI models for social good. In
this class, there was one desktop computer for each student, one teacher computer, and one pro-
jector to display the teacher’s computer screen to the whole class. Other than activities involving
hands-on practices of building models, students worked individually on their own computers.

Before incorporating the project into her classroom, Ms. Smith participated in a one-month pro-
fessional development workshop (1.25 h per week) for teachers. During this workshop, she was
introduced to the project and provided feedback on its components such as the curriculum and
technology. She was motivated to bring the project to her journalism class as she believed that
AI technology, including its use in detecting fake news, was important for the field of journalism.
After the workshop, the research team met with Ms. Smith to go over the curriculum and plan the
data collection procedures. The team provided her with cameras for video recording and set up

Figure 1. Zuri’s screen. Her mouse was on a dot in the confusion matrix (a), which is a performance measurement for machine
learning classification that compares human-labelled and predicted ratings in a two-dimensional array. In StoryQ, the represen-
tations were dynamically linked. Thus, the corresponding instance was highlighted in the dataset (c) and the review was shown in
the selected text window (b).
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screen recording accounts using Screencastify. During the implementation, the research team sup-
ported the class through Slack (i.e., an online messaging program) whenMs. Smith had questions or
needed help. Also, the technology development team stood by remotely for any emergent technol-
ogy issues in all classroom sessions. In addition, the research team followed up with Ms. Smith twice
a week through remote meetings via Zoom (i.e., a video conferencing tool) and constantly checked
data collection processes and results with Ms. Smith through emails after each-day implementation.

3.2. Data collection and analysis

We collected multiple sources of data to understand the students’ data modeling practices and pro-
cesses, including video and audio recordings of students’ screens and classroom activities, teacher’s
written reflections, and activity reports. To capture students’ data modeling processes, we randomly
selected five focal students for screen recording. These recordings captured both students’ actions
on the screen and their discussions with peers and the teacher (1295-minute recordings). In
addition, the classroom was both audio and video recorded with one camera (534-minute record-
ings of classroom activities). Since the school was not in the state where the researchers lived, Ms.
Smith helped the research team to record students’ screens and classroom activities and uploaded
these recordings to a shared cloud drive with robust privacy protection measures after each-day
implementation. Furthermore, Ms. Smith wrote reflections after each class in a shared Google docu-
ment. She answered six open-ended questions to reflect on classroom implementation. For
example, one question was: what is your biggest takeaway from today’s implementation? The
research team reviewed the document and recordings after each class session to understand the pro-
gress in the implementation as well as to identify places for improvement. While completing the
activities in the curriculum, students answered activity-related questions (30 questions in total).
For instance, they wrote down features that they created when building models. Some students
left certain questions unanswered, therefore we received a total of 685 responses for these 30 ques-
tions. These questions were designed to scaffold students’ learning throughout the activities. Their
responses were recorded as an activity report.

Data from each source were analyzed using different strategies to address the research questions.
To address the first research question about practices that describe students’ data modeling pro-
cesses, we took an interactionist approach (Greeno 1994) to analyze screen recordings. We used
interaction analysis methods (Jordan and Henderson 1995) to understand participants’ data mod-
eling strategies. We first developed analytic memos around what appeared to be – through continu-
ous or constant comparisons (Glaser 1965) of individual participants – conceptual and technical
practices to describe participants’ data modeling. We then selected episodes for microanalysis, in
which we analyzed gesture, discourse, and tool use as sources of knowledge and learning. After
reviewing and comparing the students’ records, we finalized the emerged categories (Strauss and
Corbin 1998) of data modeling practices.

To answer the second research question regarding learning opportunities emerging from class-
room discussions, we engaged in the following three phases of qualitative data analysis (Derry et al.
2010; Patton 1990): discussing teachers’ written reflections on classroom implementation, content-
logging video recordings, coding hotspots and generating themes. First, we read and discussed tea-
chers’ written reflections to identify learning challenges and opportunities as well as gain a general
view of the classroom implementation. Second, four researchers were assigned videos to watch and
write content logs. In content logs, we highlighted the following aspects: summary of the video seg-
ment, learning challenges and opportunities, and students’ discussions with peers and teachers.
After we finished the content logs, every week, we held research meetings to discuss these logs.
Our discussions mainly focused on how students engaged with the activities, in which activities stu-
dents had rich discussions and how, and how we can improve the activities to support student
learning of machine learning concepts and evaluations of automated decisions. We constantly
revised content logs based on feedback from the research team. Third, we identified hotspots in
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content logs. In these hotspots, multiple students joined the classroom discussion and the discus-
sion covered the evaluation of automated decisions. Afterward, we transcribed the hotspots for in-
depth analysis. Specifically, we coded these hotspots and discussed emerging themes related to
learning opportunities.

Furthermore, we employed open-coding strategies (Strauss and Corbin 1998) to activity reports
to triangulate data and strengthen our interpretations in the data analysis process. To ensure the
credibility and trustworthiness of the analysis, we engaged in a systematic process to ensure that
the research findings are credible, authentic, dependable, and transferable by following these stan-
dards: credibility, transferability, dependability, and confirmability (Erlandson et al. 1993; Lincoln
and Guba 1985; Shenton 2004).

4. Findings

4.1. RQ1: what are the practices that describe students’ data modeling processes?

We identified nine data modeling practices in the process of developing and exploring machine
learning models with text data from a real-world restaurant review dataset: 1) using connotative
words as features, 2) making hypotheses about patterns, 3) analyzing confusion matrix, 4) identify-
ing patterns in training data, 5) noticing the gap between hypothetical patterns and patterns from
training data, 6) using trial and error to improve model accuracy, 7) pursuing feature surprises, 8)
generating ‘thoughtful’ testing data, and 9) reasoning about model decision making.

Specifically, using connotative words as features refers to the practice of creating features with
words that have positive and negative connotations in describing experiences of visiting ice
cream restaurants. Examples of words with positive connotations were great, awesome, love, fabu-
lous, and delicious and examples of words with negative connotations were terrible, horrible, dirty,
rude, and ignoring. The reason why students used these words as features might be due to the fact
that the learning task was building models to classify negative and positive reviews. In this practice,
students usually positioned themselves as review writers, instead of paying close attention to
reviews in the dataset and the characteristics of review writers who generated this dataset.

Making hypotheses about patterns represents the practice of explaining hypothetical patterns
before building models. A hypothetical pattern could be: A review with the feature ‘like’ is
more likely to be a positive review. These hypothetical patterns might be aligned with or contrary
to actual patterns in the dataset and reflect students’ knowledge of how people like them would
use words to describe positive or negative experiences, without careful consideration of how
people from other backgrounds would use these words. These hypotheses might be overly
influenced by the students’ own perspectives and experiences, potentially leading to biased
models that fail to adequately account for the diverse range of perspectives that exist within
the larger community. Without further in-classroom guidance, this practice could undermine
efforts to promote technical democracy among youth as students might not be aware that mak-
ing hypotheses from a single perspective could result in machine learning models that are not
sufficiently inclusive.

After building models, students were guided to perform the practice of analyzing confusion
matrix, in which they examined correctly and incorrectly classified reviews systematically. As an
example, using the confusion matrix (Figure 1), Zuri observed that after adding the feature
‘great’ into a model, the model was more accurate in predicting positive reviews. She wrote in
the activity report, ‘I think that the feature ‘great’ affected the model by model 2 having more posi-
tive reviews being recognized. Model 1 has fewer positive reviews being recognized because it’s less
accurate.’ Meanwhile, she recognized that ‘great’ was not as effective as she would expect as there
were many negative reviews containing the word ‘great.’ Thus, she looked closely at the misclas-
sified reviews and found that ‘great’ was also commonly used in ways such as ‘is not that great’
and ‘flavor is great but the service is super slow.’ We described this practice as identifying patterns
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in training data. Through systematically analyzing reviews, students engaged in exploring and
explaining patterns in training data.

After identifying patterns, they noticed that some patterns were different from their hypotheses
in the practice of noticing the gap between hypothetical patterns and patterns from training data. For
example, Jennifer considered ‘like’ as a good feature for positive reviews (i.e., if a review has the
feature ‘like’, most likely it’s a positive review), but the model showed that over half of the reviews
having the feature ‘like’ were negative reviews. After reading negative reviews containing the feature
‘like’, she found that ‘like’were commonly used in negative reviews such as ‘don’t like’ and ‘taste like
soap.’ The gap could motivate close reading of reviews in the dataset and reasoning about different
contexts of using the same word.

In the practice of using trial and error to improve model accuracy, students iteratively revised the
feature space for better model accuracy. They added more connotative words as features and
deleted added features if these words led to a decrease in model accuracy. Students were expected
to improve model accuracy by addressing misclassified reviews after analyzing confusion matrix
and close reading of reviews in the dataset. Without explicit guidance, students usually ended up
in the trial-and-error strategy, without connecting the process of improving model accuracy with
other practices, such as the practice of analyzing confusion matrix.

When exploring the unigram model, students picked features that showed unexpected pat-
terns in the practice of pursuing surprising features, such as exploring why feature ‘die’ had a
positive weight (0.07) and why feature ‘ordered’ had a negative weight (−0.39). The features
were assigned weights on a scale of −1–1 to indicate their relative importance. If a feature is
more frequently present in negative reviews compared to positive reviews, it will have a weight
closer to −1. For example, in Figure 1, the word ‘disappointed’ has a negative weight as it
appears 5 times in positive reviews and 22 times in negative reviews. On the other hand, if a
feature is more frequently present in positive reviews compared to negative reviews, it will
have a weight closer to 1 (e.g., the word ‘great’ has a positive weight as it appears 62 times in
positive reviews and 34 times in negative reviews; Figure 1). The use of the phrase ‘to die for’
in food reviews typically carries a positive meaning, rather than a negative one, according to
the dataset that students explored in this project. Thus, ‘die’ has a positive weight (4 times in
positive reviews and 0 time in negative reviews). In terms of ‘ordered’ having a negative weight
(13 times in positive reviews and 42 times in negative reviews), it could be that people tend to
associate the word ‘ordered’ with negative experiences when it comes to food, such as receiving
cold or incorrect orders.

These surprising features were usually different from features that they considered connotative
words. As explained by Paula, ‘the weights of ‘chocolate’, ‘even’, and ‘everything’ surprise me
because neither word has an inherently positive or negative leaning.’ In the unigram model, both
‘chocolate’ and ‘everything’ had positive weights (0.21, 38 times in positive reviews, 15 times in
negative reviews and 0.19, 22 times in positive reviews, 5 times in negative reviews respectively)
and ‘even’ had a negative weight (−0.32, 20 times in positive reviews, 47 times in negative reviews),
indicating that ‘chocolate’ and ‘everything’ appeared more often in positive reviews and ‘even’
appeared more often in negative reviews. Through exploring surprising features, some students
reasoned about proxies for contexts in positive and negative reviews. For example, Jennifer
explained that ‘going’ (the weight of this feature was −0.17, 12 times in positive reviews, 22
times in negative reviews) could be a proxy for not being satisfied with some aspects of the restau-
rants or suggesting people not visit the restaurants. She shared, ‘possibly because ‘going’ is used to
say I am never going here or going back again.’ Overall, in the practice of pursuing surprising fea-
tures, students explored words in different contexts and most importantly, reasoned about proxies
for contexts. This type of analysis could help students build a nuanced understanding of how
language is used to convey meaning and sentiment in different settings. Consequently, they
could scrutinize data with discernment and attentiveness to context, leading to a comprehensive
and precise interpretation of model decisions.
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When testing a model with self-generated reviews, students modified reviews so that the model
could make correct predictions after realizing that the model only used single words as features and
could not understand contexts. We described this practice as generating ‘thoughtful’ testing data.
For instance, Zuri tested a unigram model with the following positive review that she wrote,

I once went to Rita’s. It was a very nice place. The ice cream was heavenly. To this day I have dreams of their
ice cream and crave its sweet wonder. The only problem is that I hate spending 30$ on a single ice cream. I
mean it is worth every cent. But I don’t just have 30 bucks to blow on ONE ice cream. That’s my only com-
plaint. Please come back to Rita’s, your ice cream is the one that got away. (Responses from activity report)

The model predicted her review as negative, which was different from her actual intention. She
found that ‘heavenly’ was not considered by the model. Thus, she made two changes to help the
model to classify the review correctly: changing ‘heavenly’ to ‘amazing’ and ‘got away’ to ‘you
love’. She made these changes as ‘amazing’ and ‘love’ had big positive weights from the training
data. The changes demonstrated students’ understanding of the limitations of machine learning
models built from single words and the importance of creating features that could capture the nuan-
ces of language contexts.

In the practice of reasoning about model decision making, students shared both correct under-
standings and misconceptions about how models make decisions. As an example of correct under-
standing, Isabella explained that ‘a classification model tries to draw some conclusion from the
input values given for training.’ This statement reveals that Isabella understood that the model
learns patterns from handcrafted features and was using the word ‘conclusion’ to refer to a model’s
classification decision. Other students, however, were confused about how the unigram model
made decisions. For example, Serenity stated that ‘features are single words or punctuation that
help a model differentiate between a positive and negative category, while a unigram is more of
a sentence.’ From Serenity’s perspective, the reason why a unigrammodel had much better accuracy
than models with handcrafted features was that a unigram could read sentences instead of single
words. In fact, a unigram model also uses words as features but uses all unique words in the dataset.
In general, while students were mostly able to explain the importance of and process for feature
selection as well as model learning patterns from training data, they had difficulty describing
how texts were turned into features when the feature space was big (e.g., a unigram model has hun-
dreds and thousands of features or unique words).

4.2. RQ2: what learning opportunities emerge from classroom discussions that could

support students’ critical evaluation of automated decisions from data technologies?

We found two themes describing learning opportunities emerging from classroom discussions that
could support students’ critical evaluation of automated decisions from AI technologies: the confl-
icting emotions surrounding AI technology and learnersourcing activities for model development
and testing. In the following, we illustrate the themes using in-depth and nuanced video analysis
from representative classroom discussions.

4.2.1. The conflicting emotions surrounding AI technology: fear and hope

Consistently, we witnessed that students demonstrated emotional reactions and mixed feelings (fear
and hope) towards AI technologies in classroom discussions. In particular, they were deeply con-
cerned about automating the process of giving people access and opportunities. We elaborate on
this aspect using a classroom discussion about AI technologies for college admission. In the pre-sur-
vey, students answered questions related to the following scenario: A college is developing an AI
application to identify prospective students for admission. The scenario was designed for students
to understand the context easily as it was highly related to this population (a large portion of the
students in the class decided to attend college as their next step and some of them just submitted
their college applications), without any intention of causing tension or debates in classrooms.
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Unexpectedly, the class had rich discussions about the idea of developing AI applications for college
admission. Excerpt 1 shows how students responded to the scenario after Ms. Smith asked them to
share their thoughts on the pre-survey. Students used words such as ‘horrible’, ‘scary’, ‘offended’,
and ‘threatening’ to express deep concerns about applications for automating decisions on getting
into colleges.
Excerpt 1.

1 Imani Yeah, we (referring to classmates) are gonna talk about it. I guess it was the college thing, umm just, but that was
horrible (laughing). I guess for me it was, umm, it was like, I guess, the computer is getting too (not able to hear
the word). I think, for me, it was also a job thing. I think that’s scary because we already have an issue. I think it,
the computer, is taking on what humans do and I think it is kind of scary.

2 Ms. Smith Okay, so you are seeing, like you’re bringing the term automation as you see, jobs being automated. Why you and
the other people, why you are concerned about college admission, why did that make you feel type of what, tell
me what type of feelings and why?

3 Camillia I was gonna say, because we are all humans, and we worked really hard to get into the school and get into
colleges. So, like and especially being with personal essays like that, it is like, I don’t know, I feel like it should be
reviewed by humans because that is what we deserve.

4 Ms. Smith Okay, you’re bringing your human side into the table, you also want the others to bring their humans’ side into the
table.

5 Camillia Yeah, right!

In turn 1, Imani expressed concerns about giving computers the power to decide who to admit to
colleges. Not just concerned, she felt scared. In turn 2, Ms. Smith invited more students to share
their feelings and emotions towards this type of AI technology. Camillia was also opposed to the
development of technology for college admission (Turns 3 and 5). It could be due to the fact
that she wrote her essays with humans as audiences. Thus, she would expect humans to read
them. Then, the class started to have multiple students talk at the same time. Ms. Smith had to
call a stop and asked individual students to continue sharing their feelings (Turn 6). More students
expressed concerns and sometimes anger towards developing such kind of AI technology.

6 Ms.
Smith

(Cross-talking in the classroom) Alright! Jennifer first and then Maya.

7 Jennifer Yeah, I pretty much agree with Camillia. Like I think we all got so offended because we just went through the
process. And umm, like we are still waiting or already heard some college decisions and it is like Camillia was
saying like our essays are not type of personal information of the college applications. Like all the clubs we’ve
done over the years, like you put your heart and soul on that stuff, and it is pretty much all about humanity. Like
what you are writing about, like what you experience, so it is like ironic and irritating that a robot would be
reading my work instead of another human being and seeing that hard work, understanding, you know, the trials
and tribulations that you have to go through rather than some computer not see some good works and being
like ‘oh, you’re rejected.’ It is like I think it is threatening but it is also kind of offensive.

8 Ms.
Smith

Mmm, okay. Thank you for sharing, it is kind of, in my stage of life or it reminds me of college, all my friends or
myself included putting resumes up. And, mm, from my knowledge and experience, the college application is
not heavily automated. Because I know people who work in the college admission office and they are human
beings and not using these tools. But not to say it is not possible. But, my experience with the job market is that,
like when you are applying huge databases of jobs, there is a certain amount of automation, etc. I mean these
possibilities are valid. Anyone else wants to share? I think, Maya.

9 Maya I have all kinds of emotions, if I am putting my heart and soul and the computer is just saying nope, next, nope,
next, nope, next (using hands to show actions of turning pages and talking in a frustrated voice; Figure 2).

Jennifer echoed Camillia that as college applicants, they put lots of effort into preparing appli-
cation materials (Turn 7). She used words like ‘offended’ and ‘offensive’ to express anger at the idea
of having computers or robots make important decisions that would affect their life significantly. To
calm students down, Ms. Smith explained that at the current stage, their application materials
would not be evaluated by computers only (Turn 8) and then Maya shared similar concerns
(Turn 9). The class continued with the discussion with the societal impacts of AI technologies
for college admission such as bias and discrimination, as well as potential solutions to these issues,
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such as increased transparency and accountability. With reference to the whole-class discussion,
Ms. Smith documented her thoughts in her reflection notes:

The questions about AI replacing the college admissions process, hit a nerve for students, it seemed. Most of
the class are seniors awaiting admissions decisions as they take the survey, so the prospect of being analyzed
and given a decision without the benefit of human nuance was intimidating. In one student’s words ‘those
questions pissed me off.’ This means, however, that the topic will be ripe for discussion when we talk
about the impact, dangers, and benefits of AI. (Ms. Smith’ written reflection)

She recognized the opportunity of turning the discussion into in-depth conversations about the
societal impacts of AI technologies in the coming sessions. Despite not addressing the topic in
later discussions, it was evident that the teacher saw the students’ apprehension regarding the auto-
mation of providing access and opportunities to individuals, particularly those that pertained to
students themselves.

In the coming sessions, the class shared hope for AI technologies. For instance, they discussed
problems that AI technologies might be able to solve and new challenges that might emerge. As
an example, after watching videos showcasing the capabilities of AI technologies, Paula high-
lighted, ‘I found that the impact of replacing real animals in marine parks will save money
over time and its ability to be a more ethical solution the most interesting.’ Bailey shared a simi-
lar concern regarding animal rights, and at the same time, she was concerned about emerging
challenges after sending animals back to the sea, ‘I wonder how they were going to get the
real animals back into their habitat, which is the sea like the killer whales. The dolphin might
not be ready for predators.’ Mixed feelings and tensions about AI technology were popular topics
of discussion in the classroom. These discussions provided rich opportunities for students to cri-
tically evaluate what should be automated and prepare our students to be active citizens in shap-
ing the development of AI technologies in the future. By taking part in these discussions,
students developed the ability to form their own opinions and viewpoints on the subject,
which would help them become informed and responsible citizens who can make informed
decisions about the future of AI.

4.2.2 Learnersourcing activities for model development and testing

Learnersourcing is a form of crowdsourcing in which learners in a community collectively produce
content that can be leveraged to create novel learning opportunities (Wang et al. 2019). We
observed that students were guided to generate and discuss datasets collectively for model develop-
ment and testing. These discussions provided rich opportunities for introducing fundamental and
complicated machine learning concepts in an engaging and accessible way. As an example, Ms.
Smith asked students to test a model with reviews that they wrote in StoryQ. She used reviews
from students as a testing dataset to evaluate the performance of the model and explained that

Figure 2. Maya used gestures of turning pages to express frustration with having computers make decisions on college
admission.
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the current model made eight correct classifications and ten incorrect classifications (Turn 1;
Excerpt 2).
Excerpt 2.

1 Ms.
Smith

Raise your hand if it (referring to the model) categorized your review correctly, like if it is a positive review and
categorized correctly (as positive). (Counting raised hands) Let’s see, 1, 2, 3, 4, 5, 6, 7, 8. Um, so let’s hear, let me
hear now if your review was categorized incorrectly. So, we have eight correct, and (counting raised hands) we
have 1, 2, 3, 4, 5, 6, 7, 8, 9, 10. 10 incorrect. So, is this a good model, okay model? What are we thinking? (Shaking
her hands to demonstrate the model’s performance was not good.)

Then Ms. Smith commented that the model needed to be improved for better accuracy. She
emphasized that to improve a model, they should first identify features that were indicators of posi-
tive or negative reviews in the current model. To engage students in identifying features, instead of
showing students the ten features in the model, she asked students to look closely at features that the
model picked up in their own reviews to identify these ten features (we called this activity, decipher-
ing the model).
Excerpt 3.

1 Ms.
Smith

So, raise your hand again if the model predicted your word correctly, your review correctly. So then, click your
review. And let’s think about what the model is picking up. (Amir raises her hand) So maybe Amir, yours is
correctly predicted, right? Yours is a positive review or negative review?

2 Amir Positive.
3 Ms.
Smith

So, Amir, read your review. As you guys are listening, I want you to predict what you think of the words that the
computer is focusing on in Amir’s review. So, Amir, would you give it to us, nice and loud?

4 Amir (Reading the review that she wrote) A local Ice cream shop near me is Hersheyś Ice Cream. My experience there is
pretty good, the people are really nice when kids come over, they let them taste the flavors to see if they like
them. The food is really good. Each holiday, they would have a new flavor to go with the season and I love that
because I always know that it is going to be really good.

In turns 2 and 4 (Excerpt 3), Amir was invited to share her review, which was correctly predicted
as a positive review. After that, Ms. Smith asked the class to identify features that the model con-
sidered when making predictions on Amir’s review (Turn 5).

5 Ms. Smith Oh, okay, so your review is positive and predicted as positive. So, what are some words that you’ve heard from
Amir that maybe the model is picking up?

6 James Nice.
7 Ms. Smith What else?
8 Easton Good.
9 Ms. Smith Others?
10 Paula Like.
11 Ms. Smith So, Amir, when you click on this feature graph right here, this Christmas tree-looking thing (Figure 3), what

numbers light up?
12 Amir Nine.
13 Ms. Smith Okay, feature number nine, which we know or might be ‘love’, right? Are there any others?
14 Amir Seven.
15 Ms. Smith Oh, it may be, so maybe seven is one of these words, nice, good or like, etc. Um, let’s see who had a negative

review predicted correctly.

Three students shared that the features might be words with positive connotations, including
‘Nice’, ‘Good’, and ‘Nice.’ As the model considered two features in the review (Turns 12 and
14), Ms. Smith prompted that the seventh feature might be words that the class came up with
(Turn 15). Ms. Smith continued this process of sharing reviews and guessing features until they
found the ten features from the model as a whole-class activity. Overall, students contributed to
this process of deciphering the model by testing reviews that they wrote. In the end, Ms. Smith
reemphasized machine learning concepts such as training data, testing data, features, models,
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and patterns. She referred back to this deciphering the model activity when emphasizing those con-
cepts in later sessions.

There are other kinds of learnersourcing activities that could support the learning of machine
learning concepts. For example, the majority of students wrote negative reviews. This was a good
opportunity for students to discuss sampling, imbalanced datasets for training models, and the con-
sequences of using imbalanced datasets for model development. In summary, working with datasets
that were crowdsourced from learners in the classroom could provide opportunities for concrete
andmeaningful learning about machine learning concepts and evaluating machine learning models.

5. Discussion and implications

In this study, we provided a close-up look at data modeling practices and classroom discussions that
could support students’ critical evaluation of automated decisions from AI technologies. Specifi-
cally, we identified nine data modeling practices that students engaged in when exploring, develop-
ing, and testing predictive models built from text data and two themes that demonstrate learning
opportunities for students to critically evaluate automated decisions from predictive models.
Based on these findings, in the following, we discuss challenges and opportunities in supporting
students to understand fundamental and complicated machine learning and data modeling con-
cepts to prepare them to be critical creators and consumers of data-driven AI technologies.

First, we found that students tended to draw on their prior experience and knowledge, a com-
ponent of the learner experience context (Pfannkuch, Ben-Zvi, and Budgett 2018), in building
models with text data, such as in the practices of using connotative words as features and making
hypotheses about patterns. Thus, often, they did not pay close attention to the dataset itself or the
data context (Pfannkuch, Ben-Zvi, and Budgett 2018) in model development. It has pros and cons.
On the positive side, leveraging students’ prior experience and knowledge would help them to gain
some preliminary understanding of model development (Lee et al. 2021; Wilkerson and Laina
2018). However, purely drawing on prior knowledge, students would miss the opportunity of
actively asking questions about the sources of the data, such as when the data was generated,
how it was generated, who generated it, for what purposes, and whose perspectives it represented.
These questions would help students critically evaluate bias in the dataset (Lee et al. 2021). In
addition, students will be empowered to understand data justice (e.g., challenging transparency, jus-
tice and fairness) (Dencik et al. 2019) and data ethics (e.g., reflecting responsibility, and privacy)
(Shapiro et al. 2020) in developing data-driven AI technologies. To develop inclusive and represen-
tative models that reflect the needs and preferences of all members of society, we need to promote

Figure 3. In StoryQ, two features were highlighted when the model made predictions on Amir’s review.
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the awareness of technical democracy (Callon, Lascoumes, and Barthe 2011) among youth. To this
end, it is essential to guide students to consider the data context in which data is generated and the
potential biases that may exist within the data.

Second, in some practices (e.g., noticing the gap between hypothetical patterns and patterns in
training data), students were motivated to close read instances in the dataset (in this study, reviews).
The literature describes this phenomenon as gap or misalignment between learner experience con-
text (e.g., personal experience) and data context (e.g., data trends and patterns) (Enyedy and
Mukhopadhyay 2007; Philip, Schuler-Brown, and Way 2013). Discussing the gap allows students
to develop a deeper appreciation for the importance of inclusivity and diversity in the development
of machine learning models, and can become more adept at identifying and mitigating potential
sources of bias and injustice. When designing data modeling tools or learning environments, we
should create spaces for students to discuss the gap in order to teach fundamental and complicated
concepts such as feature, pattern, and training data. In this study, the linked representations in the
technology could help students to navigate between an aggregate view of word frequency in positive
and negative reviews and a detailed view of instances in the dataset. Thus, designing representations
and ways of connecting representations to support reasoning about data and patterns from the data
would be another promising future research direction.

Third, in the effort to address technical democracy in data mdeling practices, designer context
cannot be overlooked. In particular, students in our study encountered some misconceptions about
the context that the tool afforded during their hands-on model development, evaluation, and testing
activities. For instance, when the feature space was large (this is a characteristic of text data; Witten
et al. 2016) and the predictive model was accurate, they had the misconception that the model was
intelligent and could read sentences like humans. Future research should devote efforts to identify-
ing such misconceptions and developing instructional and technological strategies to help students
to overcome these misconceptions. In this manner, they would be better prepared to reason about
the working mechanisms of data-driven AI technologies in daily life and evaluate the impacts of
such technologies.

Fourth, we found that trial and error (Liu et al. 2017) was a common strategy that students used
to develop models. We expected that students would analyze misclassified reviews and then create
new features based on the analysis, especially features that could be proxies for contexts. In such a
way, students would gain an in-depth understanding of the role of human insights in developing
predictive models. However, we found that students engaged in the process of trying out features
that they considered connotative words. An important area for future work is examining ways of
fostering diverse strategies of developing models (in particular strategies that highlight human
responsibility and creativity in creating features such as using single words as proxies for contexts)
and developing technologies to support the exploration of different features, such as two words as
features and the number of words in a sentence as features. Encouraging this approach could pro-
mote technical democracy since students would realize that the features utilized in constructing
models are rooted in human perspectives.

Fifth, we found that students had conflicting emotions (fear and hope) toward AI technologies.
On the one hand, they were concerned about the potential negative consequences of automation,
but on the other hand, they were optimistic about the possibilities that AI technologies bring, such
as increased efficiency and advancements in various fields. This duality of emotions highlights the
complexity of the relationship between students and AI technologies. In particular, they had deep
concerns about technologies (e.g., college admission technology) that automate the process of giv-
ing access and opportunities to people. This finding is consistent with Sadler and Zeidler’s (2004)
research which revealed that students had emotional responses to socioscientific topics such as
cloning technology. Furthermore, it suggests that future designs should consider turning discus-
sions about this kind of technology into productive reasoning about how we can shape the way
technology functions in society. We should carefully consider students’ emotions when designing
learning experiences related to AI technologies. Understanding the emotional landscape of students
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will help create an inclusive and supportive learning environment that addresses their concerns
while fostering their hope and excitement. By doing so, learning designers can help students under-
stand and embrace the potential of AI technologies while also considering the ethical and social
implications of their use, which could promote their responsible development and effective utiliz-
ation (Landström et al. 2011) of AI technologies in the future. Furthermore, learning designers can
play a critical role in helping students develop the critical thinking and problem-solving skills
necessary to navigate the complex and rapidly evolving field of AI. In such a way, we can support
the development of informed and responsible citizens who are equipped to make informed
decisions about the future of AI and its impact on society.

Sixth, this study indicates that learnersourcing activity might be able to support the learning of
data modeling concepts in an engaging and accessible way. For instance, imbalanced datasets, a
typical challenge in the field of machine learning (Witten et al. 2016), can lead to biased models
that are not representative of the entire population, which is an important issue for promoting tech-
nical democracy. By engaging in discussions around imbalanced datasets, learners could gain
insights into the potential pitfalls of relying on biased data to develop AI models, and learn to evalu-
ate the fairness and accuracy of these models. This could help them become more informed con-
sumers and developers of AI technologies, and promote the responsible and equitable use of
these technologies (Philip, Olivares-Pasillas, and Rocha 2016). Continuing with this line of research,
future work could investigate the impact of learnersoucing activity on knowledge acquisition.

Last, this study holds implications for teachers to support students’ critical evaluation of automated
decisions. Teachers should engage students in discussing the impact of automated decisions on indi-
viduals and groups, the ethical implications of automated decision-making, the potential biases that
may be built into automated decision-making processes, and the impact of automated decisions on
society as a whole. For example, students can be guided to explore the potential biases that may be
built into automated decision-making systems by looking at the output of a systemand trying to under-
stand how the data is being used. Teachers can also support students in evaluating the impact of auto-
mated decisions on individuals andgroups byusing case studies or real-world examples, such as studies
showing AI facial recognition disproportionately misidentifying people of color (Harwell 2019).

In conclusion, this study sets exciting first steps for exploring students’ learning processes in build-
ing predictivemodels with text data.We argue that having a solid comprehension of howAI functions
is vital for students to engage in democratic discussions about AI technologies and make informed
evaluations. Findings from this study are deeply situated in the activity of building machine learning
models for classifying reviews with specific tools and in a journalism class. Much more needs to be
understood about data modeling practices and processes with differing students, contexts, and tools.
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