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Abstract
Purpose – The purpose of this study is to explore teen-adult dialogic interactions during the co-design of
data literacy activities in order to determine the nature of teen thinking, their emotions, level of engagement,
and the power of relationships between teens and adults in the context of data literacy. This study conceives
of co-design as a learning space for data literacy. It investigates the teen–adult dialogic interactions and what
these interactions say about the nature of teen thinking, their emotions, level of engagement and the power
relationships between teens and adults.
Design/methodology/approach – The study conceives of co-design as a learning space for teens.
Linguistic Inquiry and Word Count (LIWC-22), a natural language processing (NLP) software tool, was used
to examine the linguistic measures of Analytic Thinking, Clout, Authenticity, and Emotional Tone using
transcriptions of recorded Data Labs with teens and adults. Linguistic Inquiry and Word Count (LIWC-22), a
natural language processing (NLP) software tool, was used to examine the linguistic measures of Analytic
Thinking, Clout, Authenticity and Emotional Tone using transcriptions of recorded Data Labs with teens and
adults.
Findings – LIWC-22 scores on the linguistic measures Analytic Thinking, Clout, Authenticity and
Emotional Tone indicate that teens had a high level of friendly engagement, a relatively low sense of power
compared with the adult co-designers, medium levels of spontaneity and honesty and the prevalence of
positive emotions during the co-design sessions.
Practical implications – This study provides a concrete example of how to apply NLP in the context of
data literacy in the public library, mapping the LIWC-22 findings to STEM-focused informal learning. It adds
to the understanding of assessment/measurement tools and methods for designing data literacy education,
stimulating further research and discussion on the ways to empower youth to engage more actively in
informal learning about data.
Originality/value – This study applies a novel approach for exploring teen engagement within a co-
design project tasked with the creation of youth-oriented data literacy activities.
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Introduction
We live in a world of data-gathering, data-surveillance and data-driven decision-making by
both humans and machines, necessitating an urgent need for a data-literate citizenry.
Today’s young people, more than any previous generation, have a personal stake in their
ability to function with data, being themselves the subjects of data science and the most
thoroughly measured, tracked and analyzed generation (Taylor and Rooney, 2016). The
Data Literacy with, for, and by Youth research project addressed this critical need through
an informal learning design study, where we worked alongside teens to design, develop and
test potential after-school data literacy activities that they, the teen participants, thought
would be suitable for a teen audience at the public library. This article investigates the teen–
adult dialogic interactions that occurred during the design sessions (called Data Labs in this
study) and what these interactions say about the nature of teen thinking, emotions, level of
engagement and power relationships between teens and adults. We ask, What do teens’
dialogic interactions with each other and with adults (spoken or in group chats in Zoom) reveal
about their thinking, emotion, engagement and their roles in the co-design of data literacy
activities?

Over the course of two years and four series of Data Labs which included 24 after-school
data labs (online and in-person), the Data Literacy with, for, and by Youth research project
explored three themes:

(1) teens’ critical thinking about data;
(2) their engagement with data in an after-school setting; and
(3) the role of teens in the co-design of data literacy activities at the library.

To address these themes, the project iteratively designed and developed, alongside 48 teen
participants, a collection of adaptable informal learning activities for public libraries
centered around data literacy. The teens tried out, made improvements to or designed their
own data literacy activities for the public library, such as, for example:

� online quizzes about digital data using Kahoot, a game-based learning platform;
� a prototype for a board game about digital data and privacy modeled on Monopoly

(which teens called Data-opology);
� a storyboard for a DC comic about data privacy and surveillance;
� a “build” project for Minecraft using Motor Vehicle Collision Data; and
� a community-improvement project for a park, using New York City Park Crime

Statistics.

Throughout the design process, there was much talk about data – what it is, how it is
embedded in teen lives, what data rights teens have, how teens might use their knowledge of
data in the community and what types of activities would work best with other teens. In this
article, we use the transcripts of these conversations to explore the project’s driving themes
of critical thinking, engagement and the role of teens in the co-design of data literacy
activities, the purpose of which is to add to our understanding of assessment/measurement
tools and methods for learning about data literacy. Through the language of teens, we
explore the teens’ thoughts, feelings and the ways they connected with each other and with
adults are revealed. We apply the Linguistic Inquiry and Word Count tool (also known as
LIWC-22, pronounced “luke”), a widely used computer-based text and speech analysis tool
for the psychological study of everyday language, and we analyze recorded interactions
through the variables of Clout (social status, confidence or leadership), Analytic Thinking
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(formal, logical and hierarchical thinking patterns), Authenticity (spontaneity and honesty)
and Emotional Tone (positive and negative emotion).

This article does not set out lesson plans for data literacy at the library. Indeed, our
purpose here is not to describe the Data Labs in terms of teaching techniques, activities or
procedures (readers interested in step-by-step guidelines can refer to Bowler et al., 2022a,
2022b). Nor was our purpose to evaluate learning outcomes. Rather, in the context of data
literacy education, we are interested in the process of learning and its manifestations through
language. We have, therefore, analyzed the teen–adult conversations during the co-design
sessions, looking for evidence of engagement, areas of strength and possible red flags for
practitioners and researchers to consider when co-creating, alongside teens, data literacy
activities in informal learning settings such as the public library.

Background
Data literacy at the public library
Data literacy is a complex array of skills, knowledge and humanistic reasoning to be applied
throughout the data life cycle. It includes the ability to critique data practices; to
contextualize data to broader contexts such as platforms, cyberinfrastructure and society;
and to find meaning in data beyond statistical and mathematical arguments (Finzer, 2013,
p. 5; Deahl, 2014; Tygel and Kirsch, 2015; Gray et al., 2018; Acker and Bowler, 2018; Bowler
et al., 2017). Data literacy has cognitive, affective and behavioral aspects (Chi et al., 2018).
Interest and engagement are key to all learning (Hidi, 1990; Silvia, 2008), including learning
experiences with data (Bowler et al., 2020). Young people, through the application of
participatory design, can show us what is interesting andmeaningful to them when it comes
to learning about data at the public library (Bowler et al., 2021; DiSalvo et al., 2012), a key
factor in their engagement with data.

Data literacy education for teens in public libraries is an emerging area of library
programming, often under the guise of digital literacy, privacy and internet safety. Public
libraries, whose mission is to provide access to information, also inform the public about
civic and government data, such as Census Data or local repositories like NYC Open Data
and theWestern Pennsylvania Regional Data Center, through library activities such as open
data jams, hackathons and workshops. Research in after-school learning shows us that there
are many ways public libraries can approach something as complex as data literacy in
the informal learning setting. A meta-analysis of 73 after-school programs found that the
personal and social development of youth were enhanced through their participation in
structured, voluntary, out-of-school activities (Durlak and Weissberg, 2007). Research in
after-school programs has also shown that they are a rich environment for learning,
providing the motivational environment and social arrangements that help propel interest
and engagement in a topic, hobby or new skill (Larson, 2000; Csikszentmihalyi, 1990;
Csikszentmihalyi and Kleiber, 1991; Csikszentmihalyi and Larson, 1984). Larson, an early
advocate for after-school, community-based programs for youth, argues that adults
interested in positive youth development should “give youth activities equivalent status to
school, family, and peers as a focal context of development” (Larson, 2000, p. 178).

This study into data literacy was grounded in a framework for informal STEM learning,
which is typically driven by learner interests and motivation and is contextually relevant
and personal, voluntary and open-ended (Falk, 2001; Falk and Dierking, 2000). The value of
informal science learning in out-of-school environments has been acknowledged by the
National Research Council, in its report, National Research Council (2009). The report sets
out goals for science programming in out-of-school environments (such as, e.g. data literacy
activities at the library), highlighting six strands (or outcomes) of science learning. The six
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strands represent the ideal set of outcomes for informal science learning but Strand
1 – learners who engage with science in informal environments should experience
excitement, interest and motivation to learn about phenomena in the natural and physical
world – is particularly relevant to this study because, given the “drop-in” nature of informal
learning at the library, the need to quickly absorb people into the learning process is
central to success. Strand 1 therefore speaks to the need for a deeper understanding about
how to generate excitement and motivation and build on the learner’s personal interests. In
short, how to engage learners in STEM. In this study, we addressed Strand 1 by using data
sets and data problems that would “make data personal and close to support emotional
engagement” (Bilstrup et al., 2022).

In this article, we explore manifestations of engagement in informal learning about data
literacy based on the linguistic analysis of conversations that took place during co-design
sessions. Using co-design techniques to build a youth-oriented model of data literacy
activities for the library offers both opportunities and challenges. Methods of cooperative
inquiry, an approach commonly practiced in technology design but also associated with
action research, can be applied to the co-design of youth-focused library services, with teens
and librarians working collaboratively (Druin, 1999; Druin, 2002; Yip et al., 2017;
Subramaniam, 2016). A model of participatory librarianship, informed by the four
dimensions of interaction described in their earlier work – facilitation, relationship-building,
design-by-doing and elaborating together – was set out by Yip et al. (2019). In this model, the
librarian role reflects degrees of interaction, from supportive to co-design. Educators in
Library and Information Science (LIS) have argued that the techniques of participatory
design are an essential skill set for youth librarians (Subramaniam, 2016) and indeed, many
public libraries have Teen Advisory Boards facilitated by a youth librarian, where youth
design programs and policies for the library.

Navigating the delicate balance between the need to convey complex STEM concepts
associated with data versus the expectations that teens bring to the public library
necessitates a level of “conscious co-design” (Bowler et al., 2021). We take this responsibility
further, by delving deeper into the nature of the rapport between teens and adults during the
co-design of data literacy activities, using linguistic analysis tools and the transcripts from
co-design sessions. Although this method takes a deep dive into what people said, we note
that the teens’ confidentiality has been protected and their identities made anonymous
throughout this study through the removal of identifying details and the use of
pseudonyms.

Natural language processing
Language is a medium through which human beings express their thoughts, feelings and
needs. Languages are highly patterned so that they can be understood widely, allowing for
systemic analysis of spoken and written words. Using the psychometrics of words, this
project opens a window on teen experiences in the Data Literacy with, for, and by Youth
research project, which ran a series of co-design activities, where teens created data literacy
experiences with, for, and by other teens. To analyze teens’ thinking, emotion and
engagement, this project applied the LIWC-22, a widely used computer-based text analysis
tool for the psychological study of everyday language. LIWC-22 is one of a family of
linguistic analysis tools that apply natural language processing (NLP) techniques.

NLP systems combine elements of computer, artificial intelligence and linguistics to
develop systems that can process and analyze data consisting of human language (Sowmya,
2022). Although NLP still faces many challenges related to the ambiguity and creativity of
human language, it has also emerged as a useful tool for analyzing large data sets consisting

Teen–adult
interactions

255

Downloaded from http://www.emerald.com/ils/article-pdf/125/3-4/252/9609397/ils-06-2023-0076.pdf by Pratt Institute user on 08 November 2025



of text or recorded speech to generate word clouds, analyze sentiment and categorize
language into topics or themes. It has the advantage of being able to quickly and efficiently
(once the data is cleaned) extract broad statistically significant trends from data sets that
might, otherwise, be too labor intensive to analyze. This has had a wide range of research
applications in recent years, from using NLP models to analyze survey data relating to job
satisfaction (Speer et al., 2022) to the detection of suicidal ideation (Arowosegbe and
Oyelade, 2023) and early signs of Alzheimer’s (Diaz-Asper et al., 2022).

One subfield of NLP, sentiment analysis, has emerged in recent years as a tool for
identifying and studying subjective data points such as emotions underlying written or spoken
responses.With the LIWC-22 tool, for example, positive and negative tone is a form of sentiment
analysis. Sentiment analysis is used in a range of fields, including marketing to evaluate the
nature of engagement with social media posts (Ma et al., 2022), and in therapeutic contexts to
quantify emotions underlying patient responses (Tanana et al., 2021; Leung et al., 2021). In the
information science field, sentiment analysis has been proposed as an effective method for
identifying and analyzing user engagement and satisfactionwith the library.

As public facing institutions, libraries regularly collect user feedback in the form of user
satisfaction surveys with the stated purpose of working to better meet public needs. Recent
studies have suggested that the use of sentiment analysis to analyze such survey responses
has the potential to “unveil latent emotions” underlying user feedback and allow for a more
wide-ranging analysis of responses outside of the “confined scale” of the survey parameters
(Papachristopoulos et al., 2019). NLP sentiment analysis has also been proposed as a
potentially valuable tool for analyzing library reference chat transcripts for sentiment
patterns such as satisfaction and confusion to adjust library services to better meet user
needs (Ozeran andMartin, 2019).

Other recent examples of the use of NLP tools in the field of information science include
the analysis of text data from reference chat transcripts with the goal of categorizing the
types of questions asked by library patrons to predict future questions, more efficiently
channeling questions to appropriate library staff, and informing library staff about a need
for further support and guidance (Wang, 2022; Ozeran andMartin, 2019).

Linguistic inquiry and word count-22
There are many approaches to text analysis, from the inductive qualitative approach of open
coding as used in Grounded Theory, to computerized natural language analysis based on
statistical algorithms, as discussed above. In this study, we applied LIWC-22, a computer
program that looks for and counts words in psychology-related categories and characterizes
text by emotion, thinking style and the nature of social interaction. According to the creators
of this linguistic analysis tool, over 20,000 scientific articles have been published using
LIWC. The LIWC-22 tool reviews all the words in a text, coding them according to
categories in the LIWC dictionaries, and then outputs the percentage of words in a text that
fall into linguistic, psychological and topical categories. In the area of teens and STEM
learning, the LIWC tool has been used to evaluate engagement in project-based learning
with students in grade seven and eight (Lee et al., 2018), assess outcomes in after-school
Makerspaces through linguistic analysis (Oliver et al., 2021), and to examine student
reflections in a STEM enrichment summer program (Matheson et al., 2017).

At the heart of the LIWC-22 tool is the dictionary and a text processing engine. Human
judges have developed and validated 100 dimensions of text within the dictionary that are
associated with basic emotional and cognitive dimensions, looking for “goodness of fit.” The
initial selection of word candidates has been drawn from dictionaries, thesauri and word
lists from experts. Groups of three to four judges then independently rated whether the word
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candidates fit into broader word categories. The dictionaries have been revised and
validated multiple times over the course of three decades, starting in 1992 and most recently
in 2022. A “Test Kitchen” corpus of 31 million words, including a range of textual formats,
such as blog posts, social media, conversation, news sources, novels and student writing,
then serves to validate the measurement instruments as well as establish benchmarks for
various textual formats. In the most recent version of LIWC (2022), language reflective of the
discourse common to social media and SMS styles of communication (i.e. short messaging
services) has been incorporated. For more details about the formulation of the dictionaries,
see Boyd et al. (2022a, 2022b) and Pennebaker et al. (2007).

There are 100 categories and subcategories, arranged hierarchically, within the LIWC-22
dictionary, including four broad summary language measures of Analytic Thinking, Clout,
Authenticity and Emotional Tone. For the purposes of this study, we chose to use these four
broad summary language measures to reveal engagement and the interpersonal roles of teens
and adults in the co-design process of data literacy activities. While more specific categories
and subcategories in the LIWC-22 dictionary would allow for a targeted approach (e.g. looking
for words that suggest tentativeness, anger, past, present or future focus, to name a few), they
would not give as complete a picture as the four summary language categories, because the
broader measures contain all words and concepts in the dictionary. Analysis via the four
broadest categories, and therefore, the most inclusive approach linguistically speaking,
provides the most statistically reliable results – an important consideration when not dealing
with Big Data. Furthermore, the summary language measures interpret the meaning of words,
going beyond a basic, raw count of words and applying psycholinguistic theory. The summary
language categories of Analytic Thinking, Clout, Authenticity and Emotional Tone are defined
below. For the complete list of categories, see Boyd et al. (2022a, 2022b, pp. 11-12).

Methodology
In this section, we elaborate on the data sources and methods of data cleaning, processing
and analysis, including definitions of variables.

The data set consists of transcripts from audio recordings from online and in-person
sessions and written chat conversations in Zoom that took place during 24 Data Labs with
48 teen participants, in four separate design teams, at the Brooklyn Public Library from
Spring 2021 to Spring 2022. Teen participants worked alongside researchers and librarians
in a co-design process developing data literacy activities for the library. Each design session
ran for 90 min and was audio recorded. Nineteen Data Labs were online, conducted via the
Zoom video conferencing platform, thus allowing for the capture of chat conversations as
well. Five were in-person at the library. Transcripts from the Data Labs were aggregated
into two sets of text files compatible with LIWC-22 – one set for audio recordings, the other
for chat – to provide higher accuracy in semantic analysis. The first step in data cleaning
was to determine speaker type through a close reading of the transcripts. The speakers were
categorized as teens, session leaders and librarians. All identifying details relating to
individual participants – both the teens and adults –were removed from the transcripts.

Algorithmically, the data set was then aggregated based on three criteria – speaker type,
the data lab session number and the design team ID – while data such as timestamps and
URLs were removed to avoid confusion during semantic analysis. The data set was then
processed through the LIWC-22 linguistic analysis tool (see Figure 1 below, showing a
LIWC-22 analysis). We then compared the results with benchmarks established in the
LIWC-22 “Test Kitchen,” focusing on the summary language categories of Clout, Analytic
Thinking, Authentic and Emotional Tone to determine the significance, or lack thereof, of
these sentiments in the data labs. Each of the measures for the summary language
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categories are algorithms derived from various LIWC variables based on previous empirical
research in linguistics such as, for example, the role of pronouns in expressing positionality
in a relationship (Boyd and Schwartz, 2021; Boyd and Pennebaker, 2016).

We chose the four summary language categories because of their potential to reveal the
teens’ cognitive and emotional processes, aspects of their engagement with data and their role
in the co-design of data literacy activities. The summary language categories in LIWC-22 were
created through algorithms derived from variables in the LIWC Dictionary and based on
previous empirical research in psycholinguistics. Rather than a basic word count, the measures
for summary categories reflect the psychometrics of words and are standardized scores that
have been converted to percentiles ranging from 1 to 99. Analytic Thinking is the metric of
logical, formal thinking, as reflected in linguistic expressions in conversation and texts.
Analytic Thinking is in the style of school discourse and tends to be rewarded in academic
settings. Ranked on a scale of 0–99, language scoring low in Analytic Thinking tends to be
viewed as more friendly and casual. Clout is an expression of status and leadership. “People
high in clout speak with a sense of certainty and authority, whereas people low in confidence
sound more tentative and uncertain” (Jordan et al., 2019). Ranked on a scale of 0–99, a high
Clout number suggests expertise and confidence while a low Clout number suggests a more
humble, cautious, even anxious attitude. The category labeled Authentic reflects a perceived
honesty and genuineness, but also, less self-filtering. Low authenticity could indicate someone
is socially cautious. Emotional Tone relates to the degree of positive or negative tone. A high
score on emotional tone is associated with a more positive, upbeat style; a low score reveals
greater anxiety, sadness or hostility.

In the final stage of analysis, the LIWC-22 results were further explored in terms of their
standard deviation and Z-score, a statistical measure that reveals the deviation of our test
results from the benchmark mean, calculated based on the “Test Kitchen” benchmark mean
and standard deviation. In this study, we compared our results with the “conversational” LIWC
benchmark: a corpus of 1,000 texts, each originally between approximately 100 and 10,000
words (Boyd et al., 2022a, 2022b). This examination of Z-scores allowed for the identification of
statistically significant differences in comparison to the “Test Kitchen” benchmark.

Findings
Below we discuss the findings with regard to the four summary language categories –Analytic
Thinking, Clout, Authentic and Emotional Tone. The LIWC output can be viewed through the
lens of linguistics, statistics and psychology (Interpreting the LIWCOutput, 2022).

Summary language categories: a detailed description
Analytic thinking. The summary language category of Analytic Thinking “captures the
degree to which people use words that suggest formal, logical, and hierarchical thinking
patterns.”

Figure 1.
Screenshot of an
LIWC-22 linguistic
analysis of the teen
chat transcripts from
Winter 2022
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People tend to use analytic language in more formal settings, such as classroom
environments, whereas in informal learning they would use language that is more intuitive
and personal. It is worth noting that language that scores high in Analytic Thinking is the
type of speech that is rewarded in academic settings. In contrast, language that scores low in
Analytic Thinking is interpreted as more friendly, intuitive and less cold – exactly the kind of
language one might hope to hear in a voluntary, after-school activity with teens at the public
library.

In our LIWC analysis, the teen’s mean scores for Analytic Thinking across all Data Labs
are low (19.17 for audio; 34.17 for chat), suggesting that teens communicated in a friendly,
casual manner (see Table 1). This type of interaction would be prized in the informal setting
of a library program but also in the context of co-design, where open discussion and
consensus are valued.

Interestingly, both the teen audio and chat discourse in the data literacy sessions were
more analytically focused than the Test Kitchen’s own benchmark for “Conversation,”
perhaps because conversation during our data labs did involve new insights and learning,
albeit in a casual, after-school setting (the Z-scores for audio and chat are 1.39 and 2.46,
respectively). However, it is important to note that the Test Kitchen’s “Conversation”
benchmark is specifically characterized by its casual, low-analytic nature, and in fact it is
particularly low inAnalytic Thinking scores compared with other Test Kitchen benchmarks.
Although there are other types of benchmarks from the Test Kitchen, we chose to use the
“Conversation” benchmark for consistency and to reflect the nature of the discourse in our
transcripts, which was live, interactive group conversation, written or verbal. Comparing
our LIWC scores with other benchmarks would reveal a significantly lower level of Analytic
Thinking, thus supporting our findings. For example, comparing our data with text gleaned
from technical college application essays in the analytic category, these data have a
significantly lower Z-score: �6.15 and �5.26 in the Zoom audio and Zoom chat categories,
respectively.

As one teen noted in an exit survey, “The most important thing to keep in mind is to keep it
fun and not too structured,” seemingly calling for a discourse environment that is distinctly “not
school.” The lowAnalytic Thinking LIWC score for teens suggests that this was indeed the case
and that a high level of friendly engagement was experienced. This is important when
considering the nature of informal STEM learning, which has a different structure than that of
formal, classroom learning. Informal STEM learning is typically driven by learner interests and
motivation that is contextually relevant and personal, voluntary and open-ended (Falk, 2001;
Falk and Dierking, 2000; National Research Council, 2009). A lowAnalytic Thinking score might
be distinctly advantageous in such an environment.

Clout. Clout is a measure of “relative social status, confidence, or leadership that people
display through their writing or talking” (Jordon et al., 2019). In their study of linguistic

Table 1.
Analytic thinking –

teens – all series

Teens

LIWC measure and data source
Audio-teens Chat-teens

LIWC score Z-score LIWC score Z-score

Analytic thinking – all data labs 20.87 1.39 29.66 2.46

Note: LIWC score: Numbers are standardized scores that have been converted by LIWC to percentiles
ranging from 1 to 99
Source: Table by authors
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patterns of politicians, a group of people commonly accepted as high in power, Jordon et al.
(2019) found that “people high in clout speak with a sense of certainty and authority,
whereas people low in confidence sound more tentative and uncertain.”

The study of Clout is relevant for an intergenerational, co-design project with youth
such as this because it illustrates the balance of power between members of the design
team. Because Clout can reveal power relationships, in this analysis we include data for
both teens and adults. In the data, we see that the teens’ Clout scores are lower than that of
the adults, for both the audio and chat transcripts, suggesting a clear power dynamic
between teens and adults (see Table 2). LIWC scores for summary language categories
such as Clout are ranked on a scale of 1–99. Notably, the adult’s LIWC scores for the
audio transcripts are 91.20, illustrating that, even though the language used was casual,
friendly and generally positive, adults held court during the verbal conversation. This,
even though the language used was casual, friendly and generally positive. In chat,
adults scored somewhat lower (77.45), but this is still a much higher number than the
teen’s 43.96. Notably, the “clout gap” was greatest during the in-person sessions held in
the library.

Authentic. Authenticity in linguistic expression speaks to spontaneity, honesty and a
reduction of the filters we often apply to our speech. A high score in Authentic reflects a
spontaneous conversation between friends. This is relevant for a participatory design
project that aims to hear the honest views of young people in the design process.

The LIWC scores for teens reveal a modest level of Authentic in their linguistic
expression, the average across all series and all modalities (online and in-person at the
library) being 61.31 (see Table 3). This score lies in the center of the 1–99 scale – not high,
not low. Overall, the LIWC scores do fall in line with those for the Test Kitchen’s

Table 2.
Clout – comparison
of teen and adult
transcripts – all
series

LIWC measure and
data source

Teens Adults
Audio Chat Audio Chat

LIWC score Z-score LIWC score Z-score LIWC score Z-score LIWC score Z-score

Clout – all data labs 50.11 0.50 43.96 0.24 91.20 2.27 77.45 1.68

Note: LIWC scores: Numbers are standardized scores that have been converted by LIWC to percentiles
ranging from 1 to 99
Source: Table by authors

Table 3.
Authentic – teen
transcripts by series

Data source for LIWC
measure of authentic Modality

Teens
Audio-teens Chat-teens

LIWC score Z-score LIWC score Z-score

Data Labs: Spring 2021 cohort Online 56.39 �0.66 58.34 �0.56
Data Labs: Fall 2021 cohort Online 58.68 �0.54 70.50 0.05
Data Labs: Winter 2022 cohort Online 62.72 �0.34 44.33 �1.26
Data Labs: Spring 2022 cohort In-person at the library 81.77 0.61 No chat
Average AUTHENTIC across all series 64.89 �0.23 57.72 �0.59

Note: LIWC scores: The numbers are standardized scores that have been converted by LIWC to percentiles
ranging from 1 to 99
Source: Table by authors
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“Conversation” category, suggesting that the authenticity of the teen’s linguistic expressions
is on par with typical conversation.
Emotional tone. The summary language category of Emotional Tone summarizes positive
and negative emotion words in written text and compiles them into a single summary
variable – numbers below 50 suggest a more negative emotional tone (LIWC Analysis, 2022;
Cohn et al., 2004).

While some LIWC analyses can focus on specific emotion variables, such as anger or
sadness, for example, it does so as a simple raw count of words and percentage of all words
in the text. To gain a broader overview of emotion in the discourse, we used the summary
language category of Emotional Tone because it interprets the meaning of words and the
raw number count into a more revealing score on a scale of 1–99. The higher number, the
more positive the tone.

With this in mind, we see that the teen’s Emotional Tone overall (averaged across
modalities and series) is modestly high (74.35), evidence of a general positive feeling
throughout all series of the Data Labs. Notably, the Emotional Tone communicated through
chat transcripts is significantly higher than that of the audio transcripts – the average score
of the chat transcripts being 91.47 out of 99 (note that the in-person series did not use the
chat feature in Zoom) (Tables 4 and 5).

Discussion
This study asked the question,What do teens’ dialogic interactions with each other and with
adults (spoken or in group chats in Zoom) reveal about their thinking, emotion, engagement
with data and their roles in the co-design of data literacy activities?The question was explored
using the LIWC-22 linguistic analysis tool and through the lens of the summary language
dimensions of Analytic Thinking, Clout, Authentic and Emotional Tone. The study shows
that there was a power dynamic at play between the teen participants and the adults which

Table 4.
Emotional Tone –

teen transcripts – all
series

Teens
Audio-teens Chat-teens

LIWC measure for data source LIWC score Z-score LIWC score Z-score

Average emotional tone across all series of data labs 57.23 �0.05 91.47 1.19

Notes: LIWC score: The numbers are standardized scores that have been converted by LIWC to percentiles
ranging from 1 to 99. Numbers below 50 suggest a more negative emotional tone
Source: Table by authors

Table 5.
Emotional Tone –
teen transcripts by

series

Data source for LIWC measure of
emotional tone Modality

Teens’ LIWC score
Audio-teens Chat-teens

Data Labs: Spring 2021 cohort Online 75.91 94.16
Data Labs: Fall 2021 cohort Online 45.26 87.34
Data Labs: Winter 2022 cohort Online 56.02 92.92
Data Labs: Spring 2022 cohort In-person at the library 51.73 No chat

Notes: LIWC scores: The numbers are standardized scores that have been converted by LIWC to
percentiles ranging from 1 to 99. Numbers below 50 suggest a more negative emotional tone
Source: Table by authors
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one might naturally expect to impact engagement. Counterintuitively it did not. There is
strong evidence of engagement, with the teens establishing a friendly rapport, with each
other and the adults, and expressing positive feelings about the design process. In
participatory design, where participants’ honest opinions are necessary to build a product
that reflects the user’s needs, authenticity is critical. In this study, the teens were modestly
open in their linguistic expressions but did not quite reach the threshold of “trusted friend.”
An interesting anomaly, however, was that the in-person Data Labs registered much higher
on the scale of Authentic, suggesting that the co-design of data literacy activities is best
achieved in person rather than online. These results lead us to reflect on the broader
implications to arise from this inquiry:

� Clout and intergenerational co-design: There is abundant research in participatory
research with children and youth, providing models in support of intergenerational
design teams (e.g. the work of Hart, 1992; Druin, 1999, 2002; Large et al., 2006; Yip
et al., 2017, 2019). Even so, the Clout scores in this study call into question whether a
true equity between adult and youth design partners can exist, and points to age-old
disparities between adults and youth. We call this the “clout gap.” In the case of the
authors, we were well-aware of our own power relationship with the teens
throughout the study, even to the point of completing a self-reflection after many of
the Data Labs and writing about the need for “conscious co-design” and the “self-
reflective and deliberative planning for participation in co-design, particularly on
the part of adults working with vulnerable populations” (Bowler et al., 2021). In the
event, most likely the Data Literacy with, for, and by Youth project only reached the
mid-range of participation on Hart’s (1992) Ladder of Participation – identified by
Hart as “Adult Initiated, Shared Decisions.”

The real question is whether an intergenerational design team on a research project that was
conceived of and initiated by adults can ever truly achieve an equal level of power between
adults and youth. With this question in mind, it is interesting to compare the low Analytic
Thinking scores of teens (demonstrating a casual, friendly atmosphere) with the seemingly
large gap between Teen Clout and Adult Clout. The teen’s awareness that they were
participating in an “adult project” – a project that they clearly did not initiate – could have
led to teen language that deliberately expressed less Clout. Nevertheless, the possible
negative effects of Clout on teen engagement seem to have been mitigated by other variables
at play in the Data Lab sessions, which, together, helped facilitate less formal, more friendly
language. These variables might have included the adults’ high interest in teen perspectives,
the inclusion of participatory practices throughout the sessions, the low stakes learning
environment (no grading!), coupled with the after-school environment of the library (not
school!):

� Environments for authentic interaction with teens: As we noted above, there was a
modest level of authenticity in the teen’s linguistic expression and we suggest there
are two factors that account for this: first, the teens on each design team did not
know each other before their participation in the project. Although friendly during
the sessions, they were not friends. Nor had they met the adults previously.
Furthermore, the entire project took place during the COVID-19 pandemic, during
which time many teens’ social connectivity and skills were adversely affected. Given
this situation, it would seem normal that a true, friendship-driven conversation
would be less likely. The LIWC-22 scores for the audio transcripts recorded during
the in-person sessions at the library are quite high (81.77) in comparison to the lower
scores for audio transcripts recorded during the online sessions. The scores from the
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in-person sessions thus raise the overall average of all scores. What was it about the
in-person sessions at the library that made linguistic expression more authentic
than those of the online conversations? Is the online environment (during a global
pandemic, no less) not the right environment for deep and honest discourse? Did
small delays in online exchanges and the participants’ ability to “hide” during Zoom
sessions subsequently make teen responses less spontaneous?

� Positive experiences for teens: As we report, the teens exhibited a positive Emotional
Tone throughout all series of the Data Labs. Interestingly, the positive tone of chat
transcripts was higher than those of the audio transcripts (both in-person and
online). This data point supports the observational data reported earlier in this same
study (Bowler et al., 2022a, 2022b), where the researchers noted teens’ higher
engagement with online group chat versus verbal interaction. Chat was the teen’s
preferred form of discourse, rather than verbal conversation, with many of the teens
turning off their cameras during Zoom sessions and silent during group
conversations. We wondered why chat produced a more positive Emotional Tone
than verbal conversation (although both were positive). Perhaps turning off cameras
and stepping outside of the conversation was a distancing technique influenced by
the teen’s fatigue of online learning during the COVID-19 pandemic. This is an
understandable response but at the same time, it may have affected the level of
positive emotional tone in the verbal conversations. An alternative explanation
might be that, seeing chat as their own teen space, they felt more positive there (in
chat) than when engaged in a verbal conversation ostensibly led by an adult. It is
interesting to compare the teen’s low sense of Clout, discussed above, with their
positive Emotional Tone. Given that the data literacy project was an adult-initiated
endeavor, low confidence in terms of their power positioning may not have
impacted the teen’s general pleasure, fun and engagement. Like school, work and in
their families, teens are usually not in positions of power – that is the norm for
them – but that does not mean they do not experience something good and positive.
Having said that, the authors advocate for both Clout and a positive Emotional Tone
and call for more discussion about how to empower youth in participatory design.

� Methodological implications: The method presented here offers a novel approach to
assessing informal learning activities and would be of value to practitioners and
researchers interested in measuring learner’s engagement. Engagement is more
than simple participation. It is “the extent to which young people are focused on and
excited about the activities they are participating in at a particular point in time and
space” (Walker et al., 2005, p. 403). Arguably, engagement is key in the informal
learning environment of the library, given the voluntary nature of after-school
activities. In this study, we measured teen engagement via the linguistic properties
of conversation during design sessions for data literacy activities and demonstrated
how a NLP tool, in this case LIWC-22, can reveal teen engagement. There are, of
course, many ways to assess engagement. For example, Bowler et al (2020) applied
inductive methods by open coding observation notes from 27 data literacy
workshops, whereas Lee (2021) used electrodermal activity data and videos to
obtain psychophysiological data about youth engagement in maker activities at the
library, and Ryu and Lombardi (2015) combined critical discourse analysis with a
social network analysis. In this article, we point the way to a new approach,
applying NLP techniques – specifically the LIWC-22 linguistic tool – to explore a
series of after-school data literacy activities with young people. Our goal was to
reveal aspects of the teen’s role in co-design, and critically, their engagement with
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data literacy activities, and by extension, their engagement with data. Applying
NLP was a good first step for this project, given the body of research data that we
had to process. We found the NLP techniques to be valuable because they pointed
the way toward broad themes that reveal areas of opportunity or caution, deserving
of a deeper thinking about how to plan for teen–adult interaction in the co-design of
STEM activities such as data literacy. Although NLP tools have shown to be useful
for information practitioners in the field (see, e.g. Lee et al., 2018; Ozeran and Martin,
2019; Papachristopoulos et al., 2019; Wang, 2022), will educators and librarians
designing learning experiences apply such methods in situ? Awareness and training
will be key.

Conclusion
Today’s young people, more than any previous generation, have a personal stake in their
ability to function with data. Future job prospects might hinge on their ability to participate
in the new data economy. But equally, young people are themselves the subjects of the data
economy, being the most thoroughly measured, tracked and analyzed generation (Taylor
and Rooney, 2016). Informal learning frameworks and, particularly, participatory design
activities offer promising avenues for engaging youth in data literacy learning. First, the
products designed by teens can be more meaningful and authentic to other teens who
engage with data literacy activities designed with, for, and by teens. Second, the very act of
designing is, itself, a learning experience for teen designers because, to get to the point at
which they can recommend, create and critique data activities, they must first gain some
foundational knowledge about data literacy. This presumes that adults (or peers) with some
expertise in data literacy must be a part of the design process, helping to activate this
knowledge transfer, which in turn can open up questions about intergenerational
interaction. One instrumental benefit of youth engagement with data literacy, especially
through co-design, is to support democratic systems, a la John Dewey (1916). Other benefits
include advancing personal and societal economic development, increasing community well-
being and providing an enhanced appreciation for an intrinsically fascinating area of
techno-cultural development (NASEM, 2016). Given all these benefits, it is important to gain
a deeper understanding of the nature of the interpersonal dialogue that occurs during the co-
design of data literacy activities for teens – a task this study set out to do.

In summary, in collaboration with public libraries and teens, we conducted a project to
design, develop and test potential after-school data literacy activities for a teen audience at
the public library. This article presents the findings pertaining to the linguistic indicators of
the nature of teen thinking, their emotions, level of engagement and the power relationships
between teens and adults in the context of conversations about data.

With full awareness of the limitations of computerized language measures and
regardless of recent improvements in NLP, these are still probabilistic systems that can
ignore the context of a sentence, a word or a local idiom; may not detect irony, satire and
metaphor; and are not fully transparent to its users. It is also not clear to what degree that
LIWC-22 accounts for teen language. LIWC-22 scores are calculated from the entire pool of
words, rather than a specific sentence or paragraph in context. We therefore see NLP
techniques as one part of a multimethod package of tools, working side-by-side traditional
qualitative methods. In terms of the study of teen–adult interactions in co-design, we
recommend a hybrid approach to triangulate the findings, using both machine and human
to get at the deeper psychological layers embedded in language.
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We hope that this article will offer methodological guidance to fellow researchers and
practitioners interested in exploring the potential of NLP as a tool for designing meaningful
data literacy education, thus stimulating further research and discussion on the ways to
empower youth to engage more actively in informal learning about data.
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