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The Mobilize Project was funded by the National Science Foundation in 2010 to develop 
computational thinking in secondary math and science classrooms through the use of Participatory 
Sensing, a data collection paradigm.  This evolved into creating a yearlong course, Introduction to 
Data Science, which prepares students to think critically and constructively with data of many 
types and forms using the statistical software R.  The course is taught in approximately 71 classes 
across Southern California – one of which is the largest in the nation, serving a majority of 
students living below the poverty level.  This paper provides an overview of this curriculum and 
discusses the challenges to developing "computational thinking with data". 
 
THE NEED FOR DATA SCIENCE 

Data lie at the heart of statistics.  In U.S. secondary-level statistics curricula, data must 
share this heart with statistical inference, and so the data traditionally used in high school statistics 
classes are selected in order to help students learn statistical inference.  For example, the 
Guidelines for Assessment and Instruction in Statistics Education K-12 (GAISE K-12) describe 
three developmental levels that culminate in statistical inference (Franklin 2007).  Data that support 
statistical inference are often collected a) from random samples (or are assumed to be thus 
collected); b) through experiments employing random assignment; and c) occasionally through 
observational studies.  The datasets themselves are often small in size and have a limited number of 
variables, and in many textbooks, only the variables needed to solve a problem are provided.  
Presumably, one reason for this is that students are meant to focus on the subtle and difficult 
conceptual underpinnings of statistical inference, and to not worry too much about managing the 
data themselves. 

However, today's students live in a world surrounded by data, and only rarely are these 
data of the neat, spreadsheet-like, ready-for-inference variety that we show them in the classroom.  
The data that students encounter in the real world are often complexly structured, non-randomly 
sampled, and not part of a formal experiment or study.  Exposing students to these "everyday" data 
types is necessary not only to motivate them through exposure to data concerning issues of 
relevance, but also to prepare them for working and living in a society that is shaped by data in 
complex and sometimes unwelcome ways (e.g., see the many examples provided in O'Neill 2016).   

 
THE MOBILIZE PROJECT 

The Mobilize Project, funded by the National Science Foundation in 2010, is a partnership 
among several academic units within the University of California, Los Angeles (UCLA) and the 
Los Angeles Unified School District (LAUSD).  The UCLA departments of Computer Science, 
Statistics, and Center X – a unit within the Graduate School of Education and Information Studies 
that oversees teacher preparation and professional development – teamed with LAUSD to explore 
ways in which the data collection paradigm known as Participatory Sensing could be used to 
bolster STEM (Science, Technology, Engineering and Math) instruction in high school classrooms.  
 
Participatory Sensing 

The central notion to Participatory Sensing is that a device almost all of us carry with us, 
the smart phone, is "a special and unprecedented tool for engaging participants in sensing their 
local environment" (Goldman, et. al 2008).   Participatory Sensing attempts to create communities 
united around the common goal of collecting, sharing, and analyzing data for a shared purpose 
(Burke, et. al 2006).  The Mobilize Project created an extensive technology suite to implement 
Participatory Sensing in high school math and science classrooms.  This suite includes apps that 
can be downloaded to mobile devices, a system that ensures data transmitted from the apps are 
secure and viewable only when shared by the collector, and only to students enrolled in the class 



(and to their teacher). The suite also includes management tools for the teacher to monitor and 
manage students’ data activity, and a "dashboard" visualization tool (Tangmunarunkit et. al 2015).  
A demo is available at https://sandbox.mobilizngcs.org/#demo. 

Figure 1 shows a snapshot of one component of the dashboard called the "trashboard", 
which allows participants to examine their patterns of waste disposal.  The dashboard is interactive; 
clicking on any one component updates the display to show only data whose values match those 
selected.  For example, to generate Figure 1, we clicked on "landfill" under the "What type" display 
so that we now view data only for items that were designated  “recyclable”.  The map shows where 
these data were recorded; integers inside of circles indicate the number of data points at that 
location, and the user can zoom in on locations to see more detail.  In the case of this particular 
data set, students  collected data every time they discarded an object. We see that a slight majority 
of recyclable items were deposited into recycling bins, and that often there were no recycling bins 
visible ("# Recycle Bins"). 

 
Figure 1. The "trashboard" provides an interactive, multivariate view of the data collected 

via a Participatory Sensing campaign in which students examined their patterns of waste disposal. 
 
 
INTRODUCTION TO DATA SCIENCE 

The Introduction to Data Science (IDS) course was developed because the Mobilize team 
recognized limitations to implementing Participatory Sensing within existing math and science 
classes.  One problem noted was that Participatory Sensing is time consuming. Time is needed (for 
both students and teachers) to install and learn the technology; at least several days are required to 
collect data; and it takes time to teach students how to analyze data.  Without instruction in data 
analysis, we found that students' interpretations of the dashboard displays were often quite 
superficial (e.g., "We noticed that the '1' bin was the tallest in the 'Number Recycle Bins' graph"). 

The natural solution, then, was to create a yearlong course that would allow students to 
take a deep dive into data and learn not just data analysis, but also the role that data play in our 
culture and daily lives. LAUSD, our partnering school district (the nation's second largest school 
district, with roughly 650,00 students), serves a population that is largely impoverished, has a high 
percentage of English learners, and is underrepresented in the sciences and mathematics. With 
LAUSD's assistance, the course was approved by the University of California Office of the 
President (UCOP) to partially satisfy the mathematics requirement for admission to the state's two 
public university systems (the University of California and the California State Universities).  
Consequently, for some purposes, students can take IDS instead of Intermediate Algebra, a course 



that had historically suffered from high failure rates that fell disproportionately on 
underrepresented minority groups (Burdman 2015). 

 
IDS Design 

IDS lessons come in two flavors.  Most meetings are "regular" class sessions in which 
students engage in active, inquiry-oriented lessons to develop conceptual understanding and learn 
fundamental terms.  Then, roughly once per week, students meet in a computer lab and engage in 
data analysis exercises, or labs. These labs teach students to "code" in the R language (R Core 
Team 2017) via the RStudio (RStudio Team 2015) interface.  A package called “mobilizR" was 
written to unify the R syntax and to provide "wrapper" functions for common analyses such as 
drawing maps. (https://github.com/mobilizingcs/mobilizr). The mobilizR package was based on 
mosaic (Pruim, Kaplan & Horton 2015), a package designed to help undergraduate students 
implement R in statistics, math, and science courses. 

While several of the topics in IDS are rarely, if ever, taught in introductory level statistics 
courses (see Topics below), much of the content would not be out of place in a typical high school 
statistics course, although in IDS these topics are often augmented with a computational 
component. For example, while IDS covers regression, its focus is not on inference or on 
understanding least squares, but rather on using regression to make predictions, as well as on 
understanding how predictive success is measured and may be improved.   

For those topics that are more traditional, IDS relies on the American Statistical 
Association's Guidelines for Assessment and Instruction in Statistics Education (GAISE) K-12 
Report (Franklin et. al 2007), and situates the content firmly in levels A and B (roughly 
corresponding to Beginning and Intermediate, respectively).  As a result, while there is some 
statistical inference in IDS, it is at the informal level (Makar & Rubin 2009).  For example, 
students learn to perform permutation tests to generate null sampling distributions, but do not learn 
the formal vocabulary.  Instead, the goal is to develop an understanding of what it means for 
outcomes to happen "by chance", and to use the generated distribution to express whether or not an 
outcome seems surprising. 

A central component of the IDS curriculum is what we call the Data Cycle (see Figure 2).  
The Data Cycle is a graphical representation of the four-step statistical investigation process as 
defined by GAISE K-12, which is itself based on the more detailed PPDAC cycle of Wild & 
Pfannkuch (1999).  The Data Cycle modifies the four steps of the statistical investigation process to 
adjust for a more data-centered course by replacing the "collect data" step with the more generic 
and data science-relevant "consider data" step.   

The Data Cycle was introduced into the curriculum to correct issues identified through 
student work from the original Mobilize Participatory Sensing exercises.  The Data Cycle is 
intended to serve as a reminder to both teachers and students that a statistical investigation consists 
of more than simply typing the correct code and printing out a graph.  It reminds students that an 
analysis serves a purpose: to answer questions.  Posing productive statistical questions turned out 
to be a challenge for both teachers and students.   We found that many of the mathematics teachers 
we worked with were unfamiliar with the notion of posing questions that could be answered with 
data (i.e., "statistical investigation questions", using Arnold's (2013) terminology).  In one case 
study, we saw evidence that suggests that teachers' failure to phrase productive questions early in 
an investigation may be detrimental to the investigation (Gould, Bargagliotti, Johnson 2017).  
Therefore, a significant amount of professional development time is devoted to this topic. 

 
 



 
Figure 2. The Data Cycle 

 
Data 

The IDS curriculum engages students in four Participatory Sensing "campaigns" and 
culminates in a classroom-designed campaign.  The first campaign, Food Habits, asks students to 
record data about the food they eat over the course of one week.  The Time Use campaign asks 
them about whatever activity they are doing when a pre-set alarm on their phone rings.  A third 
asks about their stress level (also at arbitrarily chosen moments of the day), and a fourth challenges 
students to design their own campaign around the theme of water use (an important topic in 
drought-stricken Southern California). 

Data generated by these campaigns are similar in many ways to the data we now routinely 
encounter in our everyday lives.  They are from non-random samples, of many types (including 
locations, dates, text, and images), and complexly structured.  While we have found that these 
exercises can be quite rich - particularly in helping students understand data collection issues, data 
privacy issues, and understanding how data are represented in graphs - the actual data collected can 
be sparse and does not always provide the opportunity for rich findings. For this reason, the 
curriculum is seasoned with a wide number of additional data sets, many pulled from open data 
sources such as the American Time Use Survey (https://www.bls.gov/tus/), the Youth Behavior At 
Risk Survey (https://www.cdc.gov/healthyyouth/data/yrbs/data.htm), and others scraped from 
various sites (e.g., movie rating sites).  When possible, the Participatory Sensing campaigns 
prepare students to better understand the other data sets used in the curriculum.  For example, 
students engage in the Time Use campaign to prepare them to analyze the American Time Use 
Survey data. 

 
Topics 

The course is organized into four units, each roughly nine weeks long.  Each unit has at 
least one "capstone" assignment intended to provide an opportunity to synthesize the various 
concepts and techniques introduced. The general themes of the units are, in order: "Focus on Data" 
(data organization, data types, exploratory/descriptive statistics); "Informal inference" (probability 
and randomization testing); "Data Collection" (observational studies, randomized assignment, 
surveys, sensors, Participatory Sensing, scraping data from HTML tables); and "Predictions" 
(multivariate regression).  Further details of the curriculum are provided at https://ids.stat.ucla.edu. 
A few distinguishing topics covered in IDS that we feel are unusual for a high school introductory 
statistics course include: data and privacy, writing questions for surveys, scraping data from html 
tables on the internet, classification and regression trees, and k-means. 

 



CONCLUSION 
The IDS course is, at the time of writing, taught in 71 classes across 7 districts in Southern 

California, one of which is the second largest in the nation, serving a majority of students living 
below the poverty level.  

Interest continues to grow, but there are real challenges.  First among these challenges is 
teacher preparation. For all teachers, the technology is new and requires learning R, a notoriously 
difficult statistical analysis language.  Many teachers are unfamiliar with data analysis and 
fundamental concepts of statistics, so they must learn those as well.  Also, many teachers are 
unfamiliar or out of practice with inquiry-based pedagogy, so they require explicit training in and 
support for this teaching practice.  To date, the Mobilize Project has relied upon NSF funding to 
support a substantial series of professional development sessions and, as funding ends, has begun a 
fee-for-service plan for professional development and technology support. 

Evaluation has been another interesting issue.  For evaluation purposes, we administered 
the Levels of Conceptual Understanding of Statistics (LOCUS) Beginning/Intermediate instrument 
pre- and post (Jacobbe, Case, and Whitaker & Foti 2014) to students.  While this was a good fit for 
the statistical content of the course, it fails to capture the computational thinking that we hope to 
develop, and doesn't assess statistical thinking when it is done through a language such as R.  
Additionally, while computational thinking assessments exist (see 
https://www.sri.com/work/projects/principled-assessment-computational-thinking-pact), they do 
not assess computational thinking with data, and so are not good measures of learning in this 
course. 

A third area of challenge is the computational labs, which strive to teach the R language 
and data analysis simultaneously.  Our external evaluators, embedded researcher, and some 
classroom teachers all report that while the classroom activities work well at including all students, 
once students enter the computer lab, engagement becomes a challenge.  A common scenario is 
that one or two students who "get it" provide answers to those who do not.  There have also been 
cases in which students working at the computer discover novel solutions or pose interesting 
questions, but their discoveries and ideas are not communicated to the rest of the classroom 
(Olivares-Pasillas 2017).  To improve this situation, the Mobilize team is currently revising the labs 
to include and emphasize "pair programming", a programming practice that has been adapted for 
classroom instruction (McDowell, Werner, Bullock, and Fernald 2002). 

Much has been said about the role of Big Data in society and culture (again, see O’Neill 
(2016)), but from our viewpoint it is not the size of the data but the pervasiveness that makes it 
vitally important that students understand how data affect them and how they can affect data.  The 
IDS course is one attempt to prepare students to live in a culture of data. 
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