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► What is Data Science and why should we care?  
► Insights about data acumen from the NASEM 

(2018) report
► Growth of K12 data science
► Data tools to support new (and old) learners
► Compare and contrast tools in the context of 

an example (where are the lobsters?)
► Next steps and closing thoughts

Plan



► How would you define Data Science?  

Please provide a succinct description (a single sentence) 
in the chat window but WAIT to share it until I say to do 
so.

Zoom poll #1



Study funded by the 
National Science Foundation

consensus report published in 2018
free download from

https://nas.edu/envisioningds 

https://nas.edu/envisioningds


► There must be multiple pathways for undergraduates to 
study data science

► The undergraduate experience should cater to and 
promote diversity – demographic and intellectual – in 
the students it serves

► There are some core competencies that all data science 
students (and, ideally, all undergraduates) should have
► They should develop data acumen
► Ethical problem-solving is a key component of data 

acumen

Key Insights NASEM (2018): 
Undergraduate Data Science



Finding 2.3   A critical task in the education of future data scientists is to instill 
data acumen. This requires exposure to key concepts in data science, real-world 
data and problems that can reinforce the limitations of tools, and ethical 
considerations that permeate many applications. Key concepts involved in 
developing data acumen include the following:

► Mathematical foundations
► Computational foundations
► Statistical foundations
► Data management and curation
► Data description and visualization
► Data modeling and assessment
► Workflow and reproducibility
► Communication and teamwork
► Domain-specific considerations
► Ethical problem solving.

A Central Finding



Key mathematical concepts/skills that would be important 
for all students in their data science programs and critical for 
their success in the workforce are the following:  

► Set theory and basic logic,  
► Multivariate thinking via functions and graphical displays,  
► Basic probability theory and randomness,  
► Matrices and basic linear algebra,  
► Networks and graph theory, and 
► Optimization. 

Mathematical concepts



While it would be ideal for all data scientists to have 
extensive coursework in computer science, new pathways 
may be needed to establish appropriate depth in 
algorithmic thinking and abstraction in a streamlined 
manner. This might include the following:  

► Basic abstractions,  
► Algorithmic thinking,  
► Programming concepts,  
► Data structures, and  
► Simulations.  

Computational concepts



Important statistical foundations might include the 
following:

► Variability, uncertainty, sampling error, and inference;
► Multivariate thinking;
► Nonsampling error, design, experiments (e.g., A/B testing), 

biases, confounding, and causal inference;
► Exploratory data analysis;
► Statistical modeling and model assessment; and
► Simulations and experiments 

Statistical concepts



Key data management and curation concepts/skills that would 
be important for all students in their data science programs and 
critical for their success in the workforce are the following: 

► Data provenance;  
► Data preparation, especially data cleansing and data 

transformation;  
► Data management (of a variety of data types);  
► Record retention policies;  
► Data subject privacy;  
► Missing and conflicting data; and  
► Modern databases. 

Data management concepts



Key data description and visualization concepts/skills 
that would be important for all students in their data science 
programs and critical for their success in the workforce are 
the following:

► Data consistency checking,
► Exploratory data analysis,
► Grammar of graphics,
► Attractive and sound static visualizations,  
► Dynamic visualizations and dashboards.

Data visualization concepts



Key data modeling and assessment concepts/skills that 
would be important for all students in their data science 
programs and critical for their success in the workforce are 
the following: 

► Machine learning,  
► Multivariate modeling and supervised learning,  
► Dimension reduction techniques and unsupervised 

learning,  
► Deep learning,  
► Model assessment and sensitivity analysis, and  
► Model interpretation (particularly for black box models).  

Data modeling concepts



Key workflow and reproducibility concepts/skills that 
would be important for all students in their data science 
programs and critical for their success in the workforce are 
the following:  

► Workflows and workflow systems,  
► Reproducible analysis,  
► Documentation and code standards,  
► Source code (version) control systems, and
► Collaboration.  

Workflow and reproducibility 
concepts



Key communication and teamwork concepts/skills that 
would be important for all students in their data science 
programs and critical for their success in the workforce are 
the following:  

► Ability to understand client needs,  
► Clear and comprehensive reporting,  
► Conflict resolution skills,  
► Well-structured technical writing without jargon, and  
► Effective presentation skills.  

Communication and teamwork 
concepts



Key aspects of ethics needed for all data scientists (and for 
that matter, all educated citizens) include the following: 

► Ethical precepts for data science and codes of conduct,  
► Privacy and confidentiality,  
► Responsible conduct of research,  
► Ability to identify “junk” science, and  
► Ability to detect algorithmic bias. 

Ethical concepts



“Integrating Computing in the Statistics and Data Science Curriculum: 
Creative Structures, Novel Skills and Habits, and Ways to Teach 
Computational Thinking” (Horton and Hardin, Journal of Statistics and 
Data Science Education, 2021):

https://www.tandfonline.com/doi/full/10.1080/10691898.2020.1870416 

► We need to think creatively about how to give 
undergraduate students repeated practice with the entire 
data science analysis cycle

► Requires new courses to fill in gaps
► Requires reformulation of other courses to develop data 

acumen

Developing data acumen is hard!

https://www.tandfonline.com/doi/full/10.1080/10691898.2020.1870416


► NSF funded effort from the Harnessing the Data Revolution 
(HDR) Data Science Corps (DSC) initiative (Ben Baumer, PI): 
https://dsc-wav.github.io/www 

DSC-WAV 
(Wrangle-Analyze-Visualize) 

https://dsc-wav.github.io/www


► https://dsc-wav.github.io/www 

► Collaborative project with Five Colleges (Amherst, Smith, 
Hampshire, Mount Holyoke, and UMass/Amherst), Greenfield 
Community College, Holyoke Community College, Springfield 
Technical Community College, and the University of Minnesota

DSC-WAV 
(Wrangle-Analyze-Visualize) 

https://dsc-wav.github.io/www


► Goal 1: create opportunities for undergraduate students to 
work on Data Science for Social Good projects for community 
organizations

DSC-WAV 
(Wrangle-Analyze-Visualize) 



► Horton et al (2021, HDSR) 
https://hdsr.mitpress.mit.edu/pub/nvflcexe/release/1 

“While many of these courses and programs teach students 
relevant data science skills, we can expect coursework to develop 
students’ data acumen only so far. It is unclear whether 
coursework alone is enough to provide students with the 
experiences with data and computing they need to be successful 
in tomorrow’s workplace.”

Agile and scrum for 
undergraduates

Source: techgig.com

https://hdsr.mitpress.mit.edu/pub/nvflcexe/release/1


► The work on the project is organized into a series of short sprints to break up 
tasks.

► Subtasks are organized into a backlog to identify priorities for that stage =

► The team and stakeholders (faculty and community organization liaison) meet 
regularly (standups) to share results and make adjustments 

► Kanban project boards, implemented using Trello or GitHub Projects, are used to 
review the backlog and team progress.

► Code review, implemented using GitHub pull requests, is included as a regular part 
of the process.

► Sprint demos are places where current results are presented and discussed in the 
context of the broader goals of the project.

► Sprint retrospectives are used to identify issues with the process and ways that 
the team might improve their work.

Agile and scrum for 
undergraduates



► “Facilitating team-based data science: Lessons learned from the DSC-WAV 
project”, Foundations of Data Science (Legacy et al, 
https://www.aimsciences.org/article/doi/10.3934/fods.2022003 

Agile and scrum for 
undergraduates

Source:Esti Alvarez, see also
https://teachdatascience.com/pairprogramming Source: smartbear.com

The inspiration for the DSC-WAV 
program was a question of whether 
undergraduate students could tackle 
real-world data science problems 
utilizing the tools and approaches 
frequently seen in industry. Based on 
our experiences, the answer to this 
question is "yes." 

https://www.aimsciences.org/article/doi/10.3934/fods.2022003
https://teachdatascience.com/pairprogramming


► Many challenges to helping undergraduate students develop the 
ability to “think with data”

► Our courses and programs need to adapt to give them 
necessary workforce skills as analysts

► DSC-WAV projects have provided a starting point but more 
reinforcement is needed

► Lots of work needed to scale out programs at two- and 
four-year schools

DSC-WAV Lessons Learned



► When would it be ideal for students to first 
experience data science in the classroom?

Please provide your response in the chat window but 
wait to share it until I say

Zoom poll #2



► In a world defined by data, we can’t wait to introduce 
students in K-12 to the opportunities (and challenges) in 
making sense of it

► Increasing growth of K12 Data Science:
► NASEM workshop, 

https://www.nationalacademies.org/our-work/foundations-of-data-
science-for-students-in-grades-k-12-a-workshop 

► GAISE II, 
https://www.amstat.org/education/guidelines-for-assessment-and-i
nstruction-in-statistics-education-(gaise)-reports 

► Next Generation Science Standards (NGSS), 
https://www.nextgenscience.org 

Growth of K12 Data Science

https://www.nationalacademies.org/our-work/foundations-of-data-science-for-students-in-grades-k-12-a-workshop
https://www.nationalacademies.org/our-work/foundations-of-data-science-for-students-in-grades-k-12-a-workshop
https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports
https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports
https://www.nextgenscience.org


► Teach statistical thinking.
► Teach statistics as an investigative process of 

problem-solving and decision-making.
► Give students experience with multivariable thinking.

► Focus on conceptual understanding.
► Integrate real data with a context and purpose.
► Foster active learning.
► Use technology to explore concepts and analyze data.
► Use assessments to improve and evaluate student learning.

https://www.amstat.org/education/guidelines-for-assessment-and-instructi
on-in-statistics-education-(gaise)-reports 

Revised Guidelines for Assessment and 
Instruction in Statistics Education (GAISE) 

College report (2016)

https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports
https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports


Revised K12 GAISE Guidelines 

GAGAGAISE

Original K-12 report written in 2005, published in 2007, 
revised (and renamed “GAISE II”) in 2020



► Importance of questioning through the problem-solving 
cycle (see Lee et al, SERJ, 2022)

► Importance of design and considering different data types
► Inclusion of multivariate thinking
► Role of probabilistic thinking
► Shifts and deepening of technology
► Importance of communication

https://www.amstat.org/education/guidelines-for-assessment-and-instructi
on-in-statistics-education-(gaise)-reports 

Revised Guidelines for Assessment and 
Instruction in Statistics Education
 PreK-12 [GAISE II] report (2020)

https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports
https://www.amstat.org/education/guidelines-for-assessment-and-instruction-in-statistics-education-(gaise)-reports


► What are we hoping that students will learn?

Problem-solving cycle

Image source: Hadley Wickham and Garrett Grolemund



See for example: MS-LS2-1 Ecosystems: Interactions, Energy, and Dynamics

https://www.nextgenscience.org 

Next Generation Science Standards
(NGSS, 2013)

https://www.nextgenscience.org


Common Core State (Math) Standards Connections:
RST.6-8.1 Cite specific textual evidence to support analysis of science 
and technical texts. (MS-LS2-1)
RST.6-8.7 Integrate quantitative or technical information expressed in 
words in a text with a version of that information expressed visually (e.g., 
in a flowchart, diagram, model, graph, or table). (MS-LS2-1)

https://www.nextgenscience.org 

Next Generation Science Standards
(NGSS, 2013)

https://www.nextgenscience.org


► Lots of data science now taking place in K12 (with much 
more to come, see for example 
https://doe.virginia.gov/boe/meetings/2022/04-apr/item-g.p
df) 

► Good news: there are many tools for doing and teaching 
data analysis and data science

► Goal: provide a high-level analysis of tools with a focus on 
student learning, learning progressions, and instructor 
professional development

Data Tools for Data Science

https://doe.virginia.gov/boe/meetings/2022/04-apr/item-g.pdf
https://doe.virginia.gov/boe/meetings/2022/04-apr/item-g.pdf


► What tools do you teach/use for data 
science? Are the tools you teach and the 
tools you use the same?

Please provide a succinct description (one sentence) in 
the chat window but wait to share it until I say

Zoom poll #3



► What are we hoping that students will learn?

Data Tools for K12 Data Science



► Biehler (1997, ISR) “Software for Learning and for Doing 
Statistics”, 
https://doi.org/10.1111/j.1751-5823.1997.tb00399.x 

► McNamara (2019, TAS) “Key attributes of a modern 
statistical computing tool”, 
https://www.tandfonline.com/doi/full/10.1080/00031305.20
18.1482784, see also https://arxiv.org/abs/1610.00984 

► We adapted the framework of McNamara to account for 
considerations specific to K12 education

Prior work on data tools

https://doi.org/10.1111/j.1751-5823.1997.tb00399.x
https://www.tandfonline.com/doi/full/10.1080/00031305.2018.1482784
https://www.tandfonline.com/doi/full/10.1080/00031305.2018.1482784
https://arxiv.org/abs/1610.00984


► Accessibility: Includes cost, simplicity of 
cloud-based tools, disability access, multilingual 
support

► Ease of entry: Clarity about how the tool works; 
includes consideration of students' conceptions of 
data and developmental appropriateness

► Data as a first-order object: Data as primary 
interest: hierarchical vs. tabular formats, viewing 
data; key to building “students conception of data”

Framework (based on McNamara, 2019)



► Data analysis cycle and reproducible 
workflows: Iterative cycle of posing questions, 
exploring data, visualizing results, modeling, model 
assessment, and communicating results; 
reproducing data wrangling, analyses, and 
explorations

► Interactivity: Support for direct interaction with 
data, e.g., pinch, click-and-drag, brushing, hovering

► Flexible plot creation: Univariate, bivariate, and 
multivariate displays with ability to augment 
graphics in a variety of ways

Framework (based on McNamara, 2019)



► Inferential analysis: Reasoning with samples and 
inferring beyond data; support for simulations and 
resampling; offering probabilistic or uncertain 
expressions of data

► Non-standard data: Working with multiple forms 
of data such as spatial data, network data, etc.

► Extensibility: included in prior frameworks: 
important for the future but beyond our scope

Framework (based on McNamara, 2019)



► Spreadsheets
► Google Sheets
► Excel

► Visual tools
► CODAP
► iNZight
► Tuva
► Tableau

► Scripting languages
► Python
► R
► Julia

Genres of Data Tools



Illustrative example: lobsters



► Data on mean location of lobsters from 1970 
through 2020 in various regressions off the northeast 
of the United States

► There is evidence that the populations have been 
moving northward over time

► Exploring such movement is often included as an 
activity in math or science class

► Includes spatial data (maps) and time series

Homarus americanus (lobsters)

Data, code, illustrated examples, and interactive links available at: 
https://nicholasjhorton.github.io/K12-Data-Tools/dsd.html

https://nicholasjhorton.github.io/K12-Data-Tools/dsd.html


Lobsters in spreadsheets



► Commonly accessible (Excel or Google Sheets)
► Often used for simpler analyses, ease of entry
► Offer rudimentary graphics and tables
► Data at the fore (easy to review and examine 

individual points)
► Challenging to undertake some “data moves” 

(Erickson et al, TISE, 
https://escholarship.org/uc/item/0mg8m7g6)

► Challenging to undertake multivariate visualization
► Limited reproducibility 

Thoughts about spreadsheets

https://escholarship.org/uc/item/0mg8m7g6


Hovering and 
interactive displays

Lobsters in Tableau



Lobsters in CODAP

Try it at the following link: https://tinyurl.com/dsd-codap  

https://tinyurl.com/dsd-codap


► Excellent at accessibility and “data as a first-order, 
persistent object”

► Facilitate interactive exploration and flexible plot 
creation

► Limited support for reproducibility (moves made are 
not recorded)

► Support for inference somewhat limited (under 
active development in CODAP)

Thoughts about visual tools



Lobsters in R

Try it at https://rstudio.cloud/content/4896839

https://rstudio.cloud/content/4896839


Lobsters in Python

Try it at https://colab.research.google.com/drive/1teSZfFBm_o_2oe0-AMWhokRFGqV40tgp?usp=sharing 

https://colab.research.google.com/drive/1teSZfFBm_o_2oe0-AMWhokRFGqV40tgp?usp=sharing


► Python, R, Julia, Pyret are freely available
► Support for reproducibility
► Excellent graphical displays
► Most functionality (these are professional tools not 

designed for teaching [Pyret an exception])
► Tradeoff: feature a steep learning curve, 

documentation sometimes hard to fathom
► Challenge for students and instructors
► Potential for simplified interfaces (e.g., Data8 for 

Python, Pyret, Project MOSAIC for R)

Thoughts about coding/scripting tools



https://journal.r-project.org/archive/2017/RJ-2017-024/index.html 

Project MOSAIC: simplified access 
to modeling in R

https://journal.r-project.org/archive/2017/RJ-2017-024/index.html


► What are we hoping that students will learn?

Project MOSAIC: simplified access 
to modeling in R

Learn more at http://www.mosaic-web.org/

http://www.mosaic-web.org/


► What are we hoping that students will learn?

Big picture

Image source: Hadley Wickham and Garrett Grolemund



► Need to develop a learning progression that 
involves repeated opportunities to practice the entire 
data analysis cycle

► This will likely involve multiple tools introduced and 
reinforced over time (see commissioned paper)

► Biehler (ISR, 1997) challenged the community to 
improve tools for teaching

► McNamara (2019, TAS) updated this guidance and 
provided a framework (which we adapted for K12)

► We need more research and development to improve 
the tools (and smooth out the rough edges)

Comparisons of genres



► Systemic inequities exist in STEM education (K12 
and post-secondary education): we need to ensure 
that these disparities are addressed as we expand 
K12 data science education

► This includes the types of investigations that tools 
can support as well as the structure and values 
embedded within the design of the tools

► Future work on tools should prioritize diversity and 
inclusion.

Other important issues



https://www.utdanacenter.org/sites/default/files/2021-05/data_science_course_framework_2021_final.pdf  

Inclusive practices (Dana Center 
Framework for Data Science)

https://www.utdanacenter.org/sites/default/files/2021-05/data_science_course_framework_2021_final.pdf


Potential for “Dynamic documents” (Nolan and Temple Lang, 
ISR, 2007, https://doi.org/10.1111/j.1751-5823.2007.00025.x) 

Next step for tools

https://doi.org/10.1111/j.1751-5823.2007.00025.x


► Focus on computational thinking early and often (key role of 
multivariate thinking and data acumen)

► Embrace simplified computational interfaces and approaches 
to minimize cognitive load and scaffold reproducibility

► Embrace cloud computing to minimize barriers to 
technology

► Integrate and adopt high impact practices and active learning 
techniques (e.g., pair programming, group- and project- based 
learning)

► Creatively scale up faculty development and training

Next steps for data science 
education



Recommendation 2.1: Academic institutions should 
embrace data science as a vital new field that requires 
specifically tailored instruction delivered through majors and 
minors in data science as well as the development of a cadre of 
faculty equipped to teach in this new field.

Recommendation 2.2: Academic institutions should 
provide and evolve a range of educational pathways to 
prepare students for an array of data science roles in the 
workplace.
 

Back to NASEM (2018)



Recommendation 2.3: To prepare their graduates for this 
new data-driven era, academic institutions should 
encourage the development of a basic understanding 
of data science in all undergraduates.

 

Back to NASEM (2018)



► The Journal of Statistics and Data Science Education is a 
30-year old open-access journal with no author 
publication fees published by the American Statistical 
Association and Taylor & Francis

► More information and content can be found at:
https://www.tandfonline.com/toc/ujse21/current 

► Submissions welcomed
 

Shameless plug: JSDSE

https://www.tandfonline.com/toc/ujse21/current


► The Harvard Data Science Review is a 4-year old 
open-access journal with no author publication fees 
published by MIT Press

► More information and content can be found at: 
https://hdsr.mitpress.mit.edu 

► Submissions (in the form of a two page paper proposal) 
welcomed

Shameless plug: HDSR

https://hdsr.mitpress.mit.edu


► Are there ways that we as a community can 
help to support Data Science education at 
the K12 level? What are the next steps?

Please chime in via the chat window as you have ideas to 
share.

Zoom poll #4
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