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Abstract. Ecologists are increasingly analyzing long-term and high-frequency sensor datasets as part of
their research. As ecology becomes a more data-rich scientific discipline, the next generation of ecologists
needs to develop the quantitative literacy required to effectively analyze, visualize, and interpret large
datasets. We developed and assessed three modules to teach undergraduate freshwater ecology students
both scientific concepts and quantitative skills needed to work with large datasets. These modules covered
key ecological topics of phenology, physical mixing, and the balance between primary production and
respiration, using lakes as model systems with high-frequency or long-term data. Our assessment demon-
strated that participating in these modules significantly increased student comfort using spreadsheet soft-
ware and their self-reported competence in performing a variety of quantitative tasks. Interestingly,
students with the lowest pre-module comfort and skills achieved the biggest gains. Furthermore, students
reported that participating in the modules helped them better understand the concepts presented and that
they appreciated practicing quantitative skills. Our approach demonstrates that working with large data-
sets in ecology classrooms helps undergraduate students develop the skills and knowledge needed to help
solve complex ecological problems and be more prepared for a data-intensive future.
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INTRODUCTION

Ecological research is becoming more data-
intensive, as many ecologists now commonly
acquire, manage, and analyze large volumes of
quantitative and qualitative information (Mich-
ener and Jones 2012, Hampton et al. 2013, Schimel
and Keller 2015). These data span both long peri-
ods of time (>1 decade) and high measurement
frequencies. Although ecologists have historically
used long-term data in their research (e.g., Mag-
nuson et al. 2000), the increasing availability and
duration of these long-term datasets have enabled

new analyses on how systems are changing
(Karasti and Baker 2008, Zimmerman 2008). In
concert, ecologists are analyzing large datasets
containing high-frequency data collected by auto-
mated sensors. Innovations in sensor technology
and data analysis and increased data sharing
are rapidly increasing the availability of high-
frequency datasets for ecologists (Michener et al.
2011, Reichman et al. 2011, Weathers et al. 2013).
To harness the changing nature of ecology

(Michener and Jones 2012), the next generation
of ecologists needs to develop the quantitative lit-
eracy required to effectively use large datasets

 ❖ www.esajournals.org 1 March 2017 ❖ Volume 8(3) ❖ Article e01733

info:doi/10.1002/ecs2.1733
http://creativecommons.org/licenses/by/4.0/


from long-term studies and high-frequency sen-
sors. Quantitative literacy, in the context of our
study, encompasses the skills needed to access,
manipulate, and analyze large datasets, as well as
the ability to use those data to ask and answer
ecological questions. Challenges to developing
quantitative literacy include learning how to use
data analysis software (Stevenson et al. 2014),
understanding the inherent variability in real data
(Gougis et al. 2016), and determining the types of
questions that can be addressed with large data-
sets (Langen et al. 2014). As a result of these chal-
lenges, a recent study of graduate students found
that many lacked the skills necessary to work
with large datasets (Hernandez et al. 2012), sug-
gesting that having students begin to work with
large datasets as undergraduates may be useful
for developing quantitative literacy. Previous
studies have suggested that activities that allow
students to work with authentic data in under-
graduate classrooms may be effective tools to
improve quantitative literacy and teach ecological
concepts (Ellwein et al. 2014, Langen et al. 2014).
Emphasis on these types of activities has led to
increasing availability of teaching materials that
engage students in analysis of authentic ecological
data (e.g., The EcoEd Digital Library [Klemow
et al. 2009] and Teaching Issues and Experiments
in Ecology [TIEE; D’Avanzo et al. 2006]).

One approach to introducing large datasets
into undergraduate classrooms is to use teaching
modules that allow students to analyze “real”
data—data collected in the field by sensors and
people for research and monitoring objectives,
not created just for teaching exercises—to answer
ecological questions (sensu Ellwein et al. 2014,
Langen et al. 2014). Developing such modules is
the focus of Project EDDIE (Environmental Data-
Driven Inquiry and Exploration; http://project
eddie.org). EDDIE modules are designed to teach
the quantitative skills that students need to ask
and answer questions using large datasets and
alleviate some of the barriers that currently limit
the use of large datasets in undergraduate class-
rooms (Carey et al. 2015a, Bader et al. 2016). For
example, individual modules include materials
for instructors (annotated instructor’s manuals
and lecture slides) as well as student readings
and handouts, reducing the preparation time
for instructors. Strasser and Hampton (2012)
found that lack of time was frequently cited by

instructors as a barrier to teaching data-related
skills. Similarly, modules include either data files
or instructions for accessing data online (e.g., from
the United States Geological Survey (USGS) stream
nutrient data portal), alleviating the challenge of
finding appropriate datasets for classroom activi-
ties (Langen et al. 2014, Stevenson et al. 2014).
Faculty may avoid teaching analytical skills

needed to work with data because of a perceived
trade-off between developing content knowledge
and skills (e.g., Coil et al. 2010). However, EDDIE
modules aim to teach both content knowledge and
quantitative literacy. Initial feedback from instruc-
tors and students shows that completion of EDDIE
modules increases student’s appreciation and
understanding of the importance of large datasets
and improves their ability to work with data
(Carey et al. 2015a, Bader et al. 2016, Carey and
Gougis 2017). All teaching materials for the mod-
ules are freely available at http://projecteddie.org.
We developed three EDDIE modules specifi-

cally for use in freshwater ecology courses to bet-
ter prepare undergraduate students to participate
in the use of long-term and high-frequency data.
Many freshwater ecologists have embraced the
use of automated sensors (Weathers et al. 2013,
Meinson et al. 2016) and are using high-frequency
data to address important ecological research
questions, including drivers of whole lake meta-
bolism (Solomon et al. 2013), lake responses to
extreme events (Jennings et al. 2012, Klug et al.
2012), feedbacks between nutrient loading and
hypoxia (Gerling et al. 2016), and the effects of cli-
mate change on lake thermal stratification and
productivity (O’Reilly et al. 2003). The three mod-
ules were designed to address these emerging
themes in freshwater ecology and help students
learn quantitative skills (Box 1, Fig. 1).
This study addresses whether the completion

of the suite of modules improves students’ quan-
titative literacy and understanding of ecological
concepts. Specifically, we asked three research
questions: Does participation in the modules
increase self-reported student comfort and ability
with spreadsheet software? Were there differen-
tial gains in self-reported student comfort and
ability with spreadsheet software among stu-
dents with different experience levels? Does
participation in the modules improve student’s
perceptions of their understanding of the ecologi-
cal concepts presented?
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METHODS

Study overview
Project EDDIE’s three freshwater ecology mod-

ules: Lake Ice Phenology, Lake Mixing, and Lake
Metabolism (Box 1), were taught in that order in
upper-level ecology courses within one month at
three universities, including a public research
university (very high research activity), a public
comprehensive master’s college and university

(larger program), and a private comprehensive
master’s college and university (larger program)
in fall 2015 and spring 2016. Course sizes were
small (13, 20, and 32 students) and had a high
teacher-to-student ratio, with either just one
instructor or an instructor and a graduate stu-
dent teaching assistant. Each module had three
scaffolding data analysis activities (A, B, and C),
which were taught in each course, with some of
the activities assigned as homework.

Box 1

Description of the three Project EDDIE modules used for this project.

Lake ice phenology (Carey et al. 2015b)
Website http://cemast.illinoisstate.edu/data-for-students/modules/ice-phenology.shtml
Description Students explore long-term records of ice melting dates (ice-off) from lakes around the

world and use linear regression to make predictions about ice-off dates in the future
Ecological concept
learning objectives

• Understand ecological relevance of timing of ice-off and how global climate
change affects long-term trends in ice-off dates

• Calculate heat budgets and understand the interactions between ice-off date and
heat storage

Quantitative skill development
learning objectives

• Develop skills for spreadsheet navigation, data manipulation, graphing, and linear
regression

• Understand the importance of variability while using linear models to predict
future scenarios

Lake mixing (Carey et al. 2015c)
Website http://cemast.illinoisstate.edu/data-for-students/modules/lake-mixing.shtml
Description Students explore spatial and temporal patterns of lake mixing using high-frequency

temperature data from lakes around the world and use a lake model to explore the
ecological implications of climate change on thermal stratification

Ecological concept
learning objectives

• Understand the drivers of lake mixing and thermal stratification by comparing
and contrasting lake mixing regimes across different lakes

• Predict how climate change will affect lake thermal stratification and the implica-
tions for distribution of organisms

Quantitative skill development
learning objectives

• Develop skills for spreadsheet navigation, data manipulation, and graphing
• Visually identify drivers of variation in time series data

Lake metabolism (Richardson et al. 2015)
Website http://cemast.illinoisstate.edu/data-for-students/modules/lake-metabolism.shtml
Description Students explore high-frequency water quality datasets from lakes around the world to

calculate estimates of metabolism (gross primary production (GPP) and respiration
(R)) in lakes with different trophic status

Ecological concept
learning objectives

• Understand the ecological consequences of eutrophication in aquatic ecosystems
and the difference between structural vs. functional ecosystem metrics

• Calculate and compare rates of GPP and R from lakes with different trophic status

Quantitative skill development
learning objectives

• Develop basic skills used for data manipulation and numerical calculations includ-
ing formula entry and spreadsheet navigation

• Identify drivers of temporal and spatial variability
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We performed a quantitative comparison before
and after instruction of the three modules, aug-
mented by analysis of qualitative data elicited
through open-ended questions on a post-instruc-
tion questionnaire. Data collection procedures
were approved by Institutional Review Boards at
all instructors’ institutions. Participants were
recruited from the first three authors’ upper-level
ecology courses by showing a recruitment video
developed by RDG in class. Within a week prior
to the first module’s instruction, instructors
emailed their students a link to the pre-instruc-
tion questionnaire and/or posted it on their
course management website (e.g., Blackboard).
Following the instruction of the third module
and completion of assignments, the students
were given the link to the post-instruction ques-
tionnaire. Each questionnaire took approxi-
mately 20 min to complete. In all three courses,
the assessments were optional, but students were
offered a small number of extra credit points
(<2% of final course grade) for completing the
pre- and post-instruction questionnaires. To
assign extra credit, RDG emailed the instructors
a list of individuals who completed each ques-
tionnaire, but not the questionnaire results. The
entire process (module instruction and pre-/post-
assessments) took ~1.5 months in each course.

Modules description
The three modules of interest in this study

were developed, tested, and revised by teams of
freshwater ecologists over multiple years (Carey
et al. 2015a) and are publicly available (Carey
et al. 2015b, c, Richardson et al. 2015). Each mod-
ule consists of time series data from long-term
manual monitoring or high-frequency automated
sensors accessed from published studies or
widely available datasets (e.g., Benson and
Magnuson 2000, Solomon et al. 2013). The sensor
data are primarily from Global Lake Ecological
Observatory Network (http://gleon.org) lakes
from around the world. The modules have a sim-
ilar structure, with readings, introductory mate-
rial, and activities that span the levels of Bloom’s
taxonomy (Crowe et al. 2008). Each module also
has learning objectives related to both ecological
concepts and quantitative skill development
(Box 1), with activities that require the students
to describe and understand concepts and pat-
terns in order to calculate, compare, contrast,
and synthesize concepts across activities.
In each module, the students were responsible

for exploring and visualizing datasets, summariz-
ing data, calculating statistics, identifying trends,
and interpreting calculations to develop their
quantitative literacy, with a focus on improving
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Fig. 1. Example student output from (a) the Lake Ice Phenology module showing earlier ice-off dates in Lake
Sunapee, United States, with faster rates after 1970 (1.0 Julian days/decade) compared to prior to 1970 (0.3 Julian
days/decade), (b) the Lake Mixing module showing variability in the strength of thermal stratification (Schmidt
stability) in Lake Lillinonah, United States, and (c) the Lake Metabolism module showing average daily gross
primary production and respiration in Lake Annie, United States (Ann); Lake Sunapee, United States (Sun); Lake
Balaton, Hungary (Bal); Muggelsee, Germany (Mug); and Kentucky Lake, United States (Ken), with error bars as
standard errors across nights for R (n = 4) and days for GPP (n = 3).
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their spreadsheet software manipulation skills
and learning ecological concepts. The Lake Ice
Phenology module examines long-term records in
lake ice-off dates (i.e., the day of year when winter
ice breaks up and melts), with a focus on using
spreadsheet software to graph data, learn linear
regression, discuss variability, and discuss the
ecological implications of climate change. The stu-
dents create graphs of several lakes, visually
assess breakpoints, and compare rates of change
using linear regression. For example, students
examine the trends in the 147-yr record of Lake
Sunapee (New Hampshire, USA) ice-off dates
and may decide on 1970 for a breakpoint. Then,
they would compare the pre- and post-1970
trends in ice-off dates (Fig. 1a). Finally, changes in
ice-off dates are compared from a global selection
of lakes on latitudinal, size, and water quality
gradients. The Lake Mixing module examines
thermal stratification across a series of lakes that
differ in geomorphology and location. The stu-
dents visually explore heat maps and generate
time series plots of lake thermal stratification
strength, as indicated by Schmidt stability (Read
et al. 2011), and potential drivers such as wind
speed and air temperature. For example, students
could graph the Schmidt stability of Lake Lilli-
nonah (Connecticut, USA) and look for drivers of
the variability as a result of seasonal peaks, lake
turnover, and storm events throughout the sum-
mer (Fig. 1b). The Lake Metabolism module
allows students to calculate gross primary pro-
duction and respiration using time series of dis-
solved oxygen data from high-frequency sensors.
Student teams calculate metabolism rates from
different lakes around the world that range in
trophic status from oligotrophic to eutrophic and
then compare rates among lakes, specifically
examining how metabolism is mediated by nutri-
ent concentrations (Fig. 1c).

Student assessment
The pre-/post-instruction questionnaire con-

sisted of two sections. The first section gauged the
students’ comfort and ability in spreadsheet soft-
ware, specifically Microsoft Excel (hereafter,
Excel), the software used for these modules. The
students were asked to rank their comfort level
with Excel using the following scale: 1 = I don’t
know how to do anything in Excel; 2 = I only
know how to do a few things in Excel; 3 = I know

how to do several things in Excel well; 4 = I feel
very competent in Excel but would not feel com-
fortable teaching others how to use Excel; 5 = I
feel very competent in Excel and would feel com-
fortable teaching others how to use Excel. The
participants were also asked to rank their ability
using 10 different functions in Excel: calculate an
average, median, standard deviation, variation;
perform a correlation; find a maximum value in a
data array; draw a trend line; analyze an equa-
tion for a trend line; create a bar graph; and create
a line graph. They ranked their ability on each of
these items using the following scale: 1 = I feel
incompetent doing this task; I would not know
where to start; 2 = I could figure out how to do
this task; 3 = I feel somewhat competent doing
this task; 4 = I feel very competent doing this task
independently; or 5 = I feel so competent doing
this task that I could teach others.
The second section of the pre-/post-instruction

questionnaire included three identical open-
ended questions (one for each module). The stu-
dents were asked, “What was your favorite
aspect or component of the MODULE activity,”
where MODULE was the title of each of the
three different modules: Lake Ice Phenology,
Lake Mixing, and Lake Metabolism. Students
completed the open-ended responses in a blank
text box. Across all three modules, we identified
the five most common themes in the open-ended
responses as: “better understanding of scientific
concepts,” “practicing quantitative skills (statis-
tics, practice with spreadsheet software, and
graphical analysis),” “working with real data,”
“comparing results across different lakes,” and
“working collaboratively with peers.” Three co-
authors (CCC, JLK, and DCR) and an indepen-
dent education researcher categorized each
response into one or more of the five themes. We
compared the four researchers’ results for every
response; if fewer than 75% of the individuals
agreed on the coding for a student response, we
then discussed how the response should be cate-
gorized and came to a consensus on the coding
for that response.

Data analyses
We used Wilcoxon signed-rank tests to com-

pare the students’ pre- vs. post-instruction scores
on their self-reported spreadsheet comfort and
ability on the 10 Excel tasks. In addition, we
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averaged scores from the 10 items asking about
ability on individual Excel tasks to create a mean
Excel ability score on a 1–5 scale (Cronbach’s
alpha = 0.94). The data were pooled across the
three courses because of small sample sizes of
respondents in each course (n = 8, 14, and 21).
Finally, we calculated gains in the Excel comfort
and mean Excel ability scores by taking the differ-
ence between the pre- and post-instruction scores.
Here, a positive number indicates a gain in com-
fort or self-assessed ability, while a negative num-
ber indicates a decrease. We compared those
increases or decreases to the initial pre-instruction
scores for the respective metrics and used linear
regression to compare the students’ pre-instruc-
tion scores to gains. All statistics were completed
in JMP Pro (v.11.0.0, SAS Institute Inc., Cary,
North Carolina, USA) statistical software.

RESULTS

After completion of the modules, students
reported increased overall comfort and ability
using Excel (Table 1). Post-module scores on com-
fort level, mean ability, and ability on nine out of
10 individual Excel tasks were significantly higher
than pre-module scores (Table 1). Furthermore,
students that scored lower on mean Excel ability
prior to module instruction exhibited the greatest
gains in Excel ability (Fig. 2; gain in mean Excel
ability = 2.24 (�0.31) � 0.46 (�0.08) 9 pre-mean

Excel ability; n = 43, R2 = 0.46, P < 0.0001). We
observed a similar relationship for student com-
fort with Excel (data not shown, gain in Excel
comfort = 1.71 (�0.34) � 0.50 (�0.14) 9 pre-mean
Excel comfort; n = 40, R2 = 0.26, P = 0.0009).
In conjunction with overall increase in comfort

and ability, the distribution of comfort and ability
scores shifted upward with fewer students at the
lower tail. Almost half of the students improved
in comfort (43%) and most improved in mean

Table 1. Statistical comparison of pre- and post-instruction responses for all students, aggregated across the three
courses.

Item
Wilcoxon signed-rank

test statistic P-value n
Pre-module
mean � 1 SE

Post-module
mean � 1 SE

Effect
size

Excel comfort 89.50 0.0003 40 2.214 � 0.165 2.780 � 0.173 10.01
Calculate an average 51.50 0.03 43 4.186 � 0.164 4.465 � 0.146 5.55
Calculate a median 30.00 0.26 43 3.930 � 0.180 4.116 � 0.150 3.23
Calculate a standard deviation 55.00 0.018 43 3.651 � 0.208 3.953 � 0.194 5.93
Calculate variation 61.00 0.03 43 3.186 � 0.200 3.512 � 0.195 6.58
Perform a correlation 130.50 <0.0001 43 3.116 � 0.195 3.860 � 0.175 14.07
Find a maximum value in a data array 82.50 0.0007 42 3.744 � 0.189 4.262 � 0.118 9.00
Draw a trend line 88.50 <0.0001 43 4.209 � 0.151 4.791 � 0.078 9.54
Analyze an equation for a trend line 157.50 <0.0001 43 3.884 � 0.165 4.651 � 0.093 16.98
Create a bar graph 35.00 0.004 43 4.465 � 0.130 4.837 � 0.066 3.77
Create a line graph 35.00 0.004 42 4.465 � 0.130 4.833 � 0.067 3.82
Mean ability across Excel tasks 265.00 <0.0001 43 3.884 � 0.140 4.322 � 0.102 28.58

Notes: For the first item, students were asked to rank their comfort level using Microsoft Excel. For all of the other items, stu-
dents were asked to rank how competent they felt performing each task in Excel. All ranks were conducted on a scale from 1
(lowest) to 5 (highest). Significant changes (P < 0.05) between pre- and post-instruction responses are highlighted in boldface.
Effect sizes were calculated as Z/√n, following Rosenthal (1994).

Fig. 2. Relationship between students’ pre-instruc-
tion ability on tasks in Excel (x-axis) and their
improvement in Excel ability (y-axis) [gain in mean
ability = 2.24 (�0.31) � 0.46 (�0.08) 9 pre-mean abil-
ity n = 43, R2 = 0.46, P < 0.0001].
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ability (74%), some dramatically so (Fig. 3).
Although students who started in the lowest
quartile prior to module instruction showed
greater gains than the students who started in
the highest quartile (Fig. 2), their post-module
scores were still lower when compared to stu-
dents who started in the highest quartile (post-
Excel comfort; t13 = �4.31, P = 0.0008; post-Excel
ability; t18 = �4.09, P = 0.0006).

When asked to describe their favorite aspects
or components of individual modules, the most
common response was related to “better under-
standing of scientific concepts” (37–44% of stu-
dents on each individual module), followed by
“practicing quantitative skills” (23–28%). Students
also identified “working with real data,” “com-
paring results from different lakes,” and “work-
ing collaboratively with their peers” as favorite
aspects. There were no large differences in favor-
ite aspects among modules, with the exception of
“working with real data.” Twenty-one percent of
students identified “working with real data” as a
favorite aspect of the ice-off module, whereas
only 7% reported that for the Lake Mixing mod-
ule and 5% for the Lake Metabolism module.
Aggregating across modules, seventy percent

of all students wrote that “better understanding
of the scientific concepts”was their favorite aspect
of at least one module, suggesting that most stu-
dents felt the modules improved their under-
standing of the ecological concepts presented. For
example, one student wrote that the Lake Meta-
bolism module improved their understanding of
how metabolism was affected by trophic state,
noting that: “. . .looking at the data we could tell
which lakes were oligotrophic vs. eutrophic and
understand how consumption could be higher
than production of GPP.” Another wrote of the
ice-off module, “my favorite part of this activity
was learning of the effects of climate change and
how it affects lakes worldwide.”
Similarly, the majority (56%) of students

reported that their favorite aspect of at least one
module was practicing quantitative skills. Exam-
ples of student responses in this category
included, “I liked that this activity helped develop
my skills in Excel and interpretation of graphs
similar to the one we created,” “I liked being able
to come up with predictions of ice-off dates in the
future,” and “being able to learn to graph multi-
ple datasets and get two separate regression lines
was really important and cool.”
About a quarter of students identified working

with real data (26%) and comparing results from
different lakes (29%) as a favorite aspect of at
least one module. One student wrote of the ice-
off module, “I liked having real data to work
with more hands on. It was easier to see what
was going on in the lake system and I liked com-
paring the different lakes and trying to determine

Fig. 3. Distribution of student scores on (a) Excel
ability (n = 43) and (b) comfort (n = 40) using self-
reported Excel ability before (pre) and after (post)
completing the three EDDIE modules in freshwater
ecology courses. Boxes show the median score and 25th
and 75th percentiles, and whiskers show the first quar-
tile minus 1.59 the interquartile range and the third
quartile plus 1.59 the interquartile range. One outlier is
denoted as a point in panel a. Colored lines connect
individual students’ pre- and post-module scores. Blue
lines indicate student improvement, green lines repre-
sent no change, and red lines indicate student declines
in ability and comfort using Excel between assess-
ments. Lines can be overlapping in each panel.
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the factors that may have caused the variation,”
whereas another student wrote of the Lake Mix-
ing module, “I appreciated working with actual
data to better understand how dimictic and
polymictic lakes can vary in their stratification
patterns.”

DISCUSSION

In this study, teaching three ecological instruc-
tional modules improved students’ comfort work-
ing with large datasets and the students’ ability to
carry out quantitative tasks. Furthermore, the
students that began with the lowest self-reported
ability experienced the greatest gains after
participating in the three modules. Extensive and
repeated experience working with real data in a
spreadsheet program across three different
contexts has the potential to effectively help
students who begin instruction with the fewest
quantitative skills. Ultimately, the modules work
toward leveling student skill and comfort levels
performing quantitative tasks. Finally, the qualita-
tive responses indicate that students perceive
increased conceptual understanding of ecological
concepts and increased quantitative skills as
the primary learning gains during these three
ecological teaching modules, indicating our learn-
ing objectives are being addressed through these
modules.

Many students reported large gains in comfort
with spreadsheet software and in performing data
exploration and statistical tasks (Fig. 3). These are
skills that are important to students in ecological
classrooms and with interests in ecological or
environmental science careers, as well as many
other career paths. These gains were made by
repeatedly working with spreadsheets and manip-
ulating data by specifically examining trends,
exploring variation, doing calculations, and inter-
preting the meaning of statistics. However, for
each module, the ecological concept learning
objectives were different (Box 1); the sampling fre-
quency, structure, and content of the datasets were
different (Fig. 1); and the data manipulation tasks
varied for each module. Participating in all three
modules within one semester gave the students
opportunities to practice using the spreadsheet
software to explore real data in different contexts.

Our results show gains in self-reported ability
and comfort with using spreadsheet software

after completion of three modules but it is likely
that some gains would be realized after comple-
tion of fewer modules. Preliminary results from a
study using other EDDIE modules suggest that
student self-reported Excel comfort and Excel
ability scores increase after completion of one
EDDIE module (Bader et al. 2016). Anecdotal
observations from the authors of this study also
suggest improvement after fewer than three
modules. For example, we found that students
asked fewer Excel-related questions in the class-
room when completing the last module com-
pared to the first.
Confidence and comfort are critical compo-

nents of quantitative literacy (Wilkins 2000, Par-
sons et al. 2009). Increasing student confidence
(and lowering anxiety) in quantitative tools and
concepts can facilitate student learning when
dealing with more rigorous concepts and
increase the student’s ability to apply quantita-
tive skills to software and situations (Bos and
Schneider 2009). Collectively, increasing confi-
dence as well as skills and knowledge results in
improvements to academic performance and
post-undergraduate success in quantitative liter-
acy (Tariq and Durrani 2012). Students that pro-
gress to use large datasets to ask research
questions will likely need to move beyond basic
spreadsheet software and use scripted program-
ming languages such as R, Python, or Matlab.
Carey and Gougis (2017) showed that under-
graduates can gain confidence and ability with a
more advanced software platform (R) by com-
pleting an EDDIE module on lake modeling, sug-
gesting that the gains we saw in our study are
generalizable across software platforms.
Qualitative feedback from students highlights

their appreciation of the module activities. Stu-
dents liked that the modules helped them better
understand the scientific concepts presented in
the modules and practice their quantitative skills.
Further, students identified working with real
data and working collaboratively as favorite
aspects, suggesting that students are gaining
skills and approaches that are valuable for mod-
ern ecological science. For example, ecological
research projects are increasingly collaborative
across institutions and disciplines (Borrett et al.
2014) and working in teams requires practice
and training (Cheruvelil et al. 2014, Read et al.
2016). Additionally, many ecological questions
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require comparisons across ecosystems and
messy, highly variable data (Hampton et al.
2013). The students recognize that these are valu-
able components of the modules: In all three of
the classes studied here, the instructors facili-
tated a dialogue with the students about how
these topics are handled in real-world ecological
research and science in general.

In order for professionals to work effectively
with complex data, they need to develop quanti-
tative data skills by extensively practicing those
skills during their undergraduate science curric-
ula (AAAS 2011). The students in our study
found value in working with real data. However,
the majority of the time, students in undergradu-
ate and secondary education classrooms are
trained with problems where there is little vari-
ability, relationships are clearly defined, and
datasets are relatively simple (Hoskinson et al.
2013). These routine problems or exercises often
have a single, correct answer with a clear method
for getting to that answer. In our modules, the
students worked with real, variable data often
without a clear path to approach analyses. This
was a problem for many students; for example,
one student mentioned, “I didn’t like missing
data.” These negative sentiments provide oppor-
tunity to talk about the challenges of data collec-
tion (e.g., the lightning strike that resulted in
sensor malfunction and missing data). Many stu-
dents are unaware of the extent of data available.
One student reported directly to their instructor
that “the modules made me want to learn more
about how these large datasets make a difference
in the real world. Who is using this data and how
they are changing something in environmental
science because of the results?” Thus, there
appears to be great value in allowing students to
struggle with complex problems and real data.

The activities appeared to challenge all the stu-
dents but perhaps in different ways. In the class-
rooms for this project and many others, there is
often a bimodal distribution of quantitative skills
with the lower mode consisting of poorly pre-
pared students and an upper mode of students
with more developed quantitative skills (Maltese
et al. 2015). At the lower end of the distribution,
the students with the most to gain exhibited the
greatest gains in our study. Similarly, Beck and
Blumer (2012) showed that the largest gains in
scientific reasoning skills following inquiry-based

activities in ecology laboratory courses were
observed in students who started in the lowest
quartile. Students often learn quantitative skills
independently of their biology and ecology
classes and struggle with transferring skills to
their ecology classes (Hester et al. 2014). How-
ever, integration of quantitative skill develop-
ment into the curriculum (as in the modules in
this study) can facilitate both learning and appli-
cation of those quantitative skills to ecologically
relevant problems (Hester et al. 2014). The stu-
dents in the upper mode were able to reinforce
their quantitative skills and perceive gains in
their conceptual understanding.
A few students in our study decreased in their

comfort and self-reported ability using spread-
sheet software from pre- to post-instruction
(Fig. 3). Most of these students started out at the
upper third of scores on the pre-instruction ques-
tionnaire (Fig. 2). These students might have
been initially overconfident before attempting the
modules and realized that they knew less than
they thought they did during the post-instruction
questionnaire. Previous work with undergradu-
ate psychology students shows that lower-skilled
individuals may overestimate their abilities
because they lack the skills needed for accurate
self-assessment (Kruger and Dunning 1999).
Interestingly, Kruger and Dunning (1999) found
that self-assessment ability improved as the abil-
ity to perform tasks improved; thus, it is possible
that some of the self-reported declines in our
study were related to improvement in self-assess-
ment, rather than a decrease in actual skill level.
The Project EDDIE modules are fundamentally

flexible in their design. They require no special
equipment; usually one computer per pair of
students is sufficient. They can be taught in a com-
puter laboratory or with student or departmental
laptops in varied classroom arrangements. Sub-
sets of the activities within the module can be
taught depending on the time available, class
setting (lecture vs. laboratory), or level of course.
The modules in this study were all taught in
freshwater ecology classes, but one co-author
(JK) has successfully adopted components in a
general education environmental science course.
The three freshwater ecology modules here can
be taught alone or in sequence. They can also be
paired with more traditional laboratory exercises.
For example, some freshwater ecology courses
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cover concepts of thermal stratification in lakes
with an accompanying exercise where students
heat water in a model lake (i.e., an aquarium)
with a heat lamp and watch as stratification
occurs over time on a small scale (Wetzel and
Likens 2000). For classes on the semester system,
sampling stratification in lakes in fall and spring
semesters is often impractical so the lake model
may be students’ only chance to collect their own
temperature data. Pairing the small-scale model
data with the high-frequency time series from the
Lake Mixing module can enhance student under-
standing of the variability in lake mixing patterns
and allow students to put laboratory experiments
and local data into a global ecological context.
Furthermore, instructors can incorporate addi-
tional data into each module (e.g., from the
National Snow and Ice Database), providing
opportunities for place-based learning (Gosselin
et al. 2015), particularly valuable if course or
institution resources are limited or field trips are
infeasible.

Inquiry-based learning has been shown to help
students achieve the learning outcomes expected
of the next generation of scientists, including the
ability to test hypotheses (Minner et al. 2010),
acquire science process skills (Gormally et al.
2009), and use evidence-based reasoning (Beck
and Blumer 2012). However, there are often chal-
lenges for both the students and instructors when
changing a classroom to a student-centered,
active learning environment involving data
exploration (Felder and Brent 1996, Crawford
2007, Spronken-Smith et al. 2011, Gormally et al.
2016). Students are accustomed to a didactic
classroom where the instructor attempts to trans-
fer knowledge to the students with clear pro-
cesses and answers (i.e., the instructor tells the
students everything they need to know). Stu-
dents may resist when they are forced to take a
more active role in their learning and given
assignments that have multiple correct answers
and processes for arriving at an answer
(Gormally et al. 2016). The EDDIE modules are
structured to provide an introduction both to the
content and to the active learning process to over-
come these challenges. It is particularly useful to
establish expectations early in the course regard-
ing the frustration that students will likely
encounter as they grapple with real data. Addi-
tionally, there is a fine balance to be struck

between giving students step-by-step instruc-
tions and providing less direction. The latter
grants opportunity for creative problem-solving
but also has the potential for a student to reach
an impasse or feel defeated by the activity. These
decisions are left to the discretion of their instruc-
tor, who is best equipped to determine their par-
ticular students’ prior knowledge and experience
with spreadsheets, statistical concepts, and active
learning formats. One suggestion to alleviate
these potential roadblocks is to ask students who
have completed the activity to act as learning
assistants to others who are still finishing, an
approach that has shown benefits for both the
learning assistants and the students receiving
help (Talbot et al. 2015).
Challenges may also be encountered by the

instructor teaching these modules. Instructors
need to recognize the extra time required for data
exploration in class when designing their curric-
ula. The modules require instructor preparation,
effort, willingness to circulate and interact with
many students as they complete activities, and
flexibility in course timing. Instructors can ease
the shift to a student-centered classroom by
preparing in advance, completing the activities
themselves prior to the class, and managing stu-
dent expectations and motivation in the syllabus,
prior to, and during each class (Roehl et al. 2013).
Finally, these modules are built for use with
Microsoft Excel, but there are many versions of
spreadsheet software that students use including
earlier versions of MS Excel, Apple Numbers, or
free software like Google Sheets or Apache Open-
Office Calc. One solution may be to hold the class
in a computer laboratory where the instructor is
familiar with the existing software, if such com-
puter laboratories are available. The modules can
be completed using other software, but instructors
should be prepared to help students troubleshoot.
Our results are based on student assessment of

their comfort and ability using spreadsheet soft-
ware. Self-reported student data are common in
educational research (e.g., Beck and Blumer 2012,
McCright 2012) and are valuable in gauging effec-
tiveness of the modules in meeting their learning
objectives. However, self-reported data do have
limitations because self-reported ability may not
represent actual ability, as individuals can overes-
timate their abilities (Gross and Latham 2012), as
noted above. Future research using other forms of
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assessment, such as use of quantitative instru-
ments or spreadsheet-driven tasks that directly
measure ability, would be valuable in assessing
the degree to which completion of EDDIE mod-
ules increases quantitative literacy. For example,
researchers could ask students to create a line
graph and capture their cursor movements and
keyboard actions through screen-recording soft-
ware (e.g., CamStudio) to evaluate not just the fin-
ished product but also the process by which they
created the product. In addition, future research
could address whether post-module gains are
sustained by assessing student comfort and ability
at the end of the semester or in future coursework;
however, it may be difficult to control for the
effects of instruction given in other classes
between assessments. Although it is plausible that
the gains we observed are due to module instruc-
tion, we cannot make strong claims about causa-
tion due to the lack of a control group. However,
consistent gains in students who use EDDIE mod-
ules across a variety of classrooms and course
experience levels (Carey et al. 2015a, Bader et al.
2016, Carey and Gougis 2017) suggest that our
results are reliable and repeatable.

CONCLUSIONS

Developing scientific literacy is a critical com-
ponent of an undergraduate education, regard-
less of career path (Feinstein et al. 2013). We
suggest that students can develop substantial
gains in quantitative literacy by manipulating
and analyzing large datasets in undergraduate
classes. We advocate the use of flexible teaching
modules, which allow instructors to tailor con-
tent and context for their students, as important
tools to help undergraduate students develop the
skills and knowledge needed to navigate our
increasingly data-rich society.
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