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ABSTRACT. We live in a data-rich world with rapidly growing databases with zettabytes of data.
Innovation, computation, and technological advances have now tremendously accelerated the
pace of discovery, providing driverless cars, robotic devices, expert healthcare systems, precision
medicine, and automated discovery to mention a few. Even though the definition of the term
data science continues to evolve, the sweeping impact it has already produced on society is unde-
niable. We are at a point when new discoveries through data science have enormous potential to
advance progress but also to be used maliciously, with harmful ethical and social consequences.
Perhaps nowhere is this more clearly exemplified than in the biological and medical sciences. The
confluence of 1) machine learning, 2) mathematical modeling, 3) computation/simulation, and
4) big data, have moved us from the sequencing of genomes to gene editing and individualized
medicine; yet, unsettled policies regarding data privacy and ethical norms could potentially open
doors for serious negative repercussions. The data science revolution has amplified the urgent
need for a paradigm shift in undergraduate biology education. It has reaffirmed that data science
education interacts and enhances mathematical education in advancing quantitative conceptual
and skill development for the new generation of biologists. These connections encourage us to
strive to cultivate a broadly skilled workforce of technologically savvy problem-solvers, skilled at
handling the unique challenges pertaining to biological data, and capable of collaborating across
various disciplines in the sciences, the humanities, and the social sciences. To accomplish this,
we suggest development of open curricula that extend beyond the job certification rhetoric and
combine data acumen with modeling, experimental, and computational methods through engag-
ing projects, while also providing awareness and deep exploration of their societal implications.
This process would benefit from embracing the pedagogy of experiential learning and involve
students in open-ended explorations derived from authentic inquiries and ongoing research. On
this foundation, we encourage development of flexible data science initiatives for the education
of life science undergraduates within and across existing models.

1. INTRODUCTION

Significant progress has been made in mathematical biology education since the calls for change
at the Cullowhee Conference on Training in Biomathematics held in 1961 [1] and particularly af-
ter the report BIO2010: Transforming undergraduate education for future research biologists was
published in 2003 [2]. The BIO 2010 report was an impetus to four subsequent major initiatives
that attempted to implement some of its recommendations at the national policy level: The AAAS
Vision and Change in Undergraduate Biology Education [3]; MAA’s Math and Bio 2010: Linking
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undergraduate disciplines [4], the joint report Scientific Foundations for Future Physicians devel-
oped jointly by the American Association of Medical Colleges (AAMC) and the Howard Hughes
Medical Institute (HHMI) [5], and the report Producing One Million Additional College Graduates
with Degrees in Science, Technology, Engineering, and Mathematics from the Executive Office of
the President [6].

Concurrently, modern biology has emerged as a field offering significant professional opportunities
for applied mathematicians, thus fueling the debate on how to best introduce biology into the un-
dergraduate mathematics curricula (see, e.g., the program report on mathematical biology in the
2015 CUPM Curricular Guide [7]). Those changes have bolstered government initiatives [8], faculty
development opportunities by professional groups and organizations [9], [10], [11], [12], and multi-
ple specialized sessions at the annual Joint Mathematics Meetings of the American Mathematical
Society (AMS) and the Mathematical Association of America (MAA), as well as the annual MAA
MathFest meetings — all aimed at transforming existing curricula in mathematics and biology.! As
a result of these efforts, the need for convergence of mathematics and biology at the undergradu-
ate level is now widely recognized, and there is a general agreement that biology programs should
educate students to think quantitatively and in terms of models.

Substantive changes to biology and mathematics programs however have remained slow. One rea-
son for this may be the ever-present inertia in higher education, where new pedagogies are easy
to promote and difficult to implement (see, e.g., [15],[16] [17]). Programmatic and pedagogical
challenges have been magnified by numerous existing administrative hurdles — problems with es-
tablishing teaching loads for interdisciplinary and team-taught courses, narrow disciplinary criteria
for tenure and promotion, and general disconnects between mathematics and biology departments
are often mentioned as factors which slow reform. Additional constraints in recent years have been
imposed by the tremendous growth in numbers of non-tenure-track faculty in mathematics (see e.g.,
[18], [19]) without institutional support or incentives to innovate and collaborate with colleagues
from biology. Progress has been uneven across institutions, reflecting differences in institutional
cultures and readiness to embrace change.

While the debate regarding how to effectively foster mathematical biology education continues,
technological advances have brought big data to biology and medicine research, significantly accel-
erating the pace of scientific discovery. Examples that demonstrate the role of big data approaches
across the breadth of biology abound: novel data collection methods including aerial remote sensing
and satellite imagery as well as intensive ground-based data-collection in projects such as NEON
and LTER are now used widely in ecology, conservation biology, and natural resource management,
to mention a few [20], [21], [22],[23], [24], [25]; new data methods are applied in many evolutionary
contexts including evolutionary morphology [26], [27]; genome-wide association study algorithms
are used to identify possible links between DNA variants and specific deceases [28]; next generation
sequencing methods have brought about faster and cheaper techniques that have revolutionized
molecular biology and provided insights and actionable results for precision medicine [29]. In the
medical field, big data approaches already drive high-throughput technologies [30], imaging (e.g.,
X-Ray, CT scan, MRI, ultrasound [31], [32], [33]), remote sensing from personalized devices (e.g.,
heart rate, blood glucose [34], [35]), including their use for potential contact tracing in public health

ITwo articles in this special issue discuss in more detail societies, communities, and organizations whose main
focus is to support mathematical biology research and education [13], [14].



CHANGING THE NATURE OF QUANTITATIVE BIOLOGY EDUCATION: DATA SCIENCE AS A DRIVER 3

settings, time-course data (e.g., EKG, EEG [36], [37]), integrative brain modeling [38], [39], [40],
and identifying anti-aging compounds for humans [41], [42].

Thus, in the era of big data, biology has become more interdisciplinary and more quantitative than
ever: discovering new knowledge hidden in petabytes of data depends on using mathematics, sta-
tistics, computer science and technological innovation — all attributes that define the emerging field
of data science. This new reality has compounded many of the existing challenges in quantitative
biology education and raised new ones.

Our view is that we need a paradigm shift toward biology education that evolves in tandem with
changes and research advances in the discipline — a reform that combines essential data science
approaches with biology content, modeling skills, and societal awareness. We present possible
paths forward and advocate that a change of such magnitude could succeed only if it reflects the
combined will and expertise of faculty, administration, and professional communities and only when
all parties are prepared to enact significant changes in existing curricular models.

The rest of the paper is organized as follows: We begin with a discussion of major trends in
biology arising from the explosion of data and its impact on education; proceed with an analysis
of some parallels between biology and data science education; summarize the challenges faced
by biology education arising from the rapidly-expanding set of quantitative topics appropriate for
inclusion in the curriculum; and provide suggestions for how the math biology education community
might address these challenges at various levels in educational hierarchy (courses, departments,
institutional, and professional levels).

2. BiG DATA TRENDS IN BIOLOGY AND IMPACT ON EDUCATION

2.1. Big data — a catalyst for change. The term big data refers to datasets of enormous sizes —
data so large that specialized methods may be necessary to carry out analyses. Such data sets are
often described by the following five properties (termed the five V’s of big data): velocity, volume,
value, variety, and veracity. Those refer respectively to the fast pace of data generation, its volume
that requires new methods for storing and analyzing data (e.g., distributed systems), the value of
data to answer questions of specific interest, its diverse origins and formats (data coming from a
variety of sources have different, and often incompatible formats), and the trustworthiness of the
data. The last property is essential — if the accuracy of data is questionable, results from analyses
will likely be questionable too. More recently, some authors have suggested adding four more V’s to
the list: variability, visualization, volatility, and validity. The first two refer to how data is captured
(dynamic formats of data) and how it is presented (novel ways of big data visualization are often
the only way for viewing and understanding the analyses and results). Volatility refers to the rate
of change of data over its lifetime, while validity refers to ensuring its integrity. [43].

Big data have already transformed our ability to generate and collect data: in biology, databases of
genomes and proteins are growing at an unprecedented pace; in health monitoring, apps and mobile
devices beam user measurements into massive storage facilities, and in social science, millions of
posts and tweets are added to the public records every day. In 2017, an IBM study found that 90%
of all data existing on public and private storage devices had been collected during the two prior
years [44]. Stunning as this fact was in 2017, the rate at which data are currently being generated
worldwide [45], makes an understatement in 2020.
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FIGURE 1. Dimension of data-mining—inspired induction. Data-driven research
begins with an untargeted exploration, in which the data speak for themselves.
Machine learning extracts patterns from the data, which suggest hypotheses that
are to be tested in the lab or computationally. From: Voit, E (2019). Perspective:
Dimensions of the scientific method. PLoS Comput Biol, 15(9). CC License [47].

The discipline of data science has emerged from this reality as an inherently multidisciplinary and
transformative field. The fusion of big data, mathematical and statistical modeling, and compu-
tational technology have brought about powerful data mining techniques and a new generation
of artificial intelligence, machine learning, and deep learning approaches, assisting progress in sci-
ence, business, sociology, medicine, commerce, and education among others [46]. (See Figure 1
for a schematic of data mining-inspired induction at the omics level). These developments have
demonstrated that once we break free from traditional disciplinary silos, there is virtually limitless
potential for strengthening the power of data-driven discovery.

This rapid rise of data science approaches to multitudes of questions has also left some with a sense
that the historical precedence of hypothetico-deductive approaches to science — those that construct
and rely upon general theories — may no longer be a dominant mode. With availability of extensive
data sets, data-driven discovery approaches for pattern detection (and associated prediction) devoid

of a general, abstract framework have even led to comments noting that this is the “end of theory”
[48].

Our view however is that, in addition to the great potential for data-mining and machine learning
methods to provide novel insights from extensive data sets, there are many reasons to preserve
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FIGURE 2. From Descriptive biology to Predictive biology. Reprinted with permis-
sion from Duran-Frigola, Miquel, Adria Fernandez-Torras, Martino Bertoni, and
Patrick Aloy (2018). Formatting biological big data for modern machine learning
in drug discovery. Wiley Interdisciplinary Reviews: CMS: €1408 [54].

educational efforts that utilize traditional investigative methods. This is particularly appropriate
in biological sub-disciplines for which the massive amounts of data needed to develop effective
machine learning methods are not readily available, or for which there are ethical considerations
associated with obtaining and maintaining the data.

2.2. Big data impact on research in the life sciences. Big data in biology and medicine have
allowed us to better understand how individual components at all levels of biological organization
form systems interacting with one another, among themselves, and with the organisms’ ecosystems.
These interactions form the informational pathways in living organisms and their environment,
and various stresses and diseases perturb these signaling networks in different ways. With higher
speed and decreased cost of systems and omics approaches, it is increasingly possible to screen
populations for genes and molecules of interest and use deep learning to discover patterns in data,
classifying patients accordingly, and developing targeted therapies (see, e.g., [49], [50], [51], [52]).
Today “Data have become a resource, rather than a result ...”[53], and we have transitioned from
“descriptive biology to predictive biology” [54] (see Figure 2), leading to promises for future medical
breakthroughs, more potent medications, novel treatments, and disease-management strategies.
Quantitative approaches have become essential to many sub-disciplines of biology in which research
advances at the intersection of the life sciences, mathematics, statistics, and data science have
demonstrated the importance of modeling, computations, and data driven approaches. Moreover,
for those fields, it appears increasingly difficult to draw a line between the terms “biology” and
“quantitative biology.”

Still, finding ways to fully utilize the potential of big data for biology and medicine remains chal-
lenging, as the field is too broad and heterogeneous to rely on “one size fits all” approaches. There
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(2018). Formatting biological big data for modern machine learning in drug dis-
covery. Wiley Interdisciplinary Reviews: CMS: e1408 [54].

are real differences in data types and structure across biology — e.g., data needed for environmental
science and ecology are conceptually different in scale and form from data in genetics or proteomics
or many forms of human health data. Biomedical data are heterogeneous — assembled by differ-
ent means, from various samples, at different levels of biological organization and granularity, and
reflecting different time/space attributes (see Figure 3). It is also generally unstructured (that is,
the data are not organized in a predefined manner) and this problem is expected to only intensify
with time — IDC anticipates that by 2025, most data will be unstructured [55]. Further, biological
data are multi-dimensional — containing information from various scales of biological organization:
from subcellular to geospatial (see Table 1). It is spread over thousands of databases, and millions
of published articles; despite efforts to create open data repositories, a large fraction of biological
data are only available by request from the authors. More often than not, big data in biology are
incomplete and imprecise — for example, Manzoni et al. note that information in existing interac-
tomics databases may overlap by as little as 50% [56]. Biomedical big data is “diverse, complex,
disorganized, massive, and multimodal..., being generated by researchers, hospitals, and mobile de-
vices around the world” [57]. These challenging aspects of biological data are certainly not limited
to biomedical applications but occur across the range of biology.

This situation adds further challenges to the many “Vs” of big data and causes significant diffi-
culties related to organization, storage, retrieval, verification, and processing of big data. Gaining
meaningful insights often requires a detailed understanding of the origin and format of the data, and
calls for ad hoc means of collecting, wrangling, and structuring. Frequently, this also necessitates
ad hoc approaches to modeling, hypervisualization, algorithmic optimization and machine learning
methods to uncover valuable knowledge “lost in [the] literature and data landslide” (see e.g., [58]
[50], [54]). Large annotated datasets, from which algorithms learn to make correct classifications
are still hard to find. The FAIR principles for responsible data management and stewardship of
scientific data (Findability, Accessibility, Intraoperativity, and Reusability), created by a diverse
international set of stakeholders — representing academia, industry, funding agencies, and scholarly
publishers — are designed to guide and guard the veracity of data. These principles are expected
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to enhance the ability of machines to automatically find and analyze data, support its reuse and
increase our ability to discover and use data for creating new knowledge [59], [60]. A wider adoption
of the FAIR principles, together with the emergence of novel algorithms that require smaller data
sets and are less sensitive to experimental variation, is expected to broaden the use of deep learning
approaches. Finally, questions concerning biomedical data processing, analysis, privacy, confiden-
tiality, ethical use, and data sharing are far from settled, and debates regarding the ownership of
data, proper approaches to medical forecasting, and various uses of data for commercial enterprises
are ongoing. Those pressing questions require a mindful approach toward the interplay between
societal needs, priorities, ethics, and policies, and an acute awareness of the possible consequences,
should data be used for malicious purposes.

Progress is still needed on the theoretical front: while there are many deep learning algorithms that
appear to work well, there is no solid theory that provides a set of conditions ensuring that the
methods will always lead to a desired outcome under those conditions (even though we know that
those algorithms performed well with the data sets they have been tested on). This may not be a
serious problem when such methods are used to train systems to play chess or Jeopardy but may
lead to severe implications if algorithms malfunction while diagnosing patients, designing treatment
strategies, or making health management decisions. Thus, we will benefit from methods to close
existing theoretical gaps and facilitate progress in aspects of theoretical machine learning that have
so far been intractable [61]. There is also significant need for better coupling of mathematical
models and big data. Hierarchy in biology leads to highly connected systems and big models have
to work across scales and focus on linking data and patterns of different types — e.g., integrating
multiple heterogeneous data by multimodels to incorporate different scales of biological organization
and different quantitative approaches and scales of detail; better coupling of complex layered tools
like GIS, with modeling and integration of non-spatial-temporal data; and systems level approaches
based on model-based machine learning.

2.3. Biology inspired data science. Historically, there has been considerable association and
feedback between advancement in the mathematical and biological fields. Mathematical analyses
applied to models of biological phenomena at many scales have provided novel biological insights,
suggested new experiments/observations, and served as effective alternative “microscopes” for biol-
ogy [62], [63]. The reverse has also occurred: questions from biology have driven novel mathematics,
such as the growth of studies on reaction-diffusion equations (see, e.g., [64]), analysis of spatial con-
trol problems (e.g., [65]), and virtually the entire field of evolutionary game theory (see, e.g., [66],
[67]). Examples of novel mathematics in algebra, geometry and combinatorics can be found in
Bernd Sturmfels’s “Can biology lead to new theorems” [68], as well as in the article by Macauley
and Youngs in this special issue [69].

The fields of biology and data science have similarly influenced one another. However, while the
benefits to biology from using big data and data science approaches are widely acknowledged, the
benefits to data science from its intersection with biology still need to be highlighted. In fact, many
methods and algorithms empowering artificial intelligence have been influenced by neuroscience,
ecology, evolutionary biology, and genetics, emulating the behavior of living organisms. Artificial
neural networks, for example, come in multiple types and topologies and are designed to mimic the
work of neurons in the brain. They are designed to learn, improve, and grow as more data are used
for their training (see, e.g., [70]).
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Organismal swarming (e.g., birds, bees, fish) has given rise to Swarming Intelligence models as
well as optimization methods in machine learning such as Particle Swarming Optimization and Ant
Colony Optimization. Similarly, Genetic and Evolutionary Algorithms are based on mechanisms
inspired by genetics (e.g., mutation, selection, reproduction) and concepts from evolution (fitness,
evolutionary landscapes) (see, e.g., [71]).

Biology and data science advances here go hand in hand. Our desire to build intelligent systems is
deeply connected with growing knowledge of biological systems, and the powerful combination of big
data and increased computing capacity is now bringing this goal within reach. Even though artificial
systems that teach themselves and learn in ways humans do have not entered the mainstream yet,
the progress of biology-inspired Al clearly demonstrates that there are still no better models to
follow in data science than those evolved in living systems. In this, biology informs progress in
data science more than any other discipline. It will be interesting to monitor whether specific
biology domains would matter more (or in a different way) than others in facilitating progress in
data science and if, in the long-run, future progress in data science would assist with reintegrating
biology or, instead, enhance the existing sub-disciplinary silos.

2.4. Data science and the ongoing math-bio education debate. The definition for what
data science is as a discipline is still emerging, even though the fundamental understanding of its
nature has been developing at least since the early 1960s. In his highly-influential and controversial
1962 paper in the Annals of Mathematical Statistics [72], John Tukey discusses the evolution of
mathematical statistics toward a new discipline, which strongly resembles what we call today data
science (when Tukey talks of “data analysis,” his meaning is very close to what we now refer to as
data analytics). He describes it as being comprised of “procedures for analyzing data, techniques
for interpreting the results of such procedures, ways of planning the gathering of data to make its
analysis easier, more precise or more accurate, and all the machinery and results of (mathematical)
statistics which apply to analyzing data.” He further argues that this definition transcends the fields
of mathematics and statistics and should therefore be considered a separate branch of science. It
is notable that nearly sixty years later, some still see data science “as a broader, task-driven, and
computationally oriented version of statistics” [73], encapsulating a widespread perspective that
data science is nothing new, just a modern repackaging of well-known statistical techniques. Others
would argue convincingly that data science is not just glorified statistics [74].

In our view, even though data science has its roots at the intersection of mathematics, statistics,
and computation, we see its province extending far beyond any of the three disciplines. The use of
big data to address questions from medicine, biology, environmental science and politics could lead
to findings involving ethics, public policy, and international affairs. Thus, instead of looking for an
exact definition, it would be more practical to identify a set of skills needed for learning from big
data and the conceptual underpinnings that empower students to develop these skills.

The NAS report “Data Science for Undergraduates: Opportunities and Options” published in 2018
[75] provides a broad outline of what this skillset may look like and makes a call to encourage
academic institutions to create curricula that would introduce students to the fundamentals of data
science early in the college cycle. The set of essential skills includes associative thinking, the ability
to use computation, data, statistics, mathematical methods and models, collaborative attitude,
and the capability to present results to multidisciplinary audiences. How to best cultivate such
skills raises some challenging questions, many of which the mathematical biology community has
grappled with in the last few decades: How can we develop a workforce of biologists, capable of
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navigating the interdisciplinary landscapes of mathematics and data science? How do we bridge the
gap between research, industry needs, and education? What approach to teaching would be most
beneficial for a rapidly evolving discipline? How can we measure progress and evaluate effectiveness
of diverse modalities of learning? And, in the context of unprecedented pace of biological and
medical discoveries and advancement in technology: How do we create engaged problem-solvers
and life-long learners?

Sadly, the transformational changes and challenges brought to biology by data science have remained
largely invisible on the education front. Except for student research projects, biostatistics courses
with focus on applications in certain biology sub-disciplines, and unconventional isolated courses at
institutions where dedicated faculty have taken on designing and teaching such courses, the existing
biology curricula appear to have remained oblivious to the ongoing data revolution in biology. The
gap between research and education is growing and there is pressing need for comprehensive reform:
we need to ensure that biology students are aware of the capabilities data science brings to modern
biology and of a range of methods across quantitative science that can be used to address important
questions in biology using big data. Batut et al. [76] provide the following assessment of the current
state of the biomedical workforce: “The primary problem with the explosion of biomedical datasets
is not the data itself, not computational resources, and not the required storage space, but the
general lack of trained and skilled researchers to manipulate and analyze these data.” To train
those skilled researchers, educators might begin by making sure students at the undergraduate
level are exposed to important examples of how mathematical models and data benefit biology,
understand the fundamentals of data wrangling across variable data to utilize them effectively, and
are generally aware of the existing challenges of working with big data. The ongoing dialog for
advancing data science education further accelerates the need for substantive changes in biology
programs toward problem solving, modeling, and quantitative approaches using big data.

3. DATA SCIENCE AND BIOLOGY EDUCATION

As educators, we strive to create classrooms where students learn through immersion in the meth-
ods, culture, and practices of their disciplines, and employ the most-promising pedagogies toward
achieving the learning outcomes we consider essential. The education research literature offers
abundant evidence that engagement and learning attitudes improve significantly when students
are guided through projects, independent discovery, teamwork, and small-group discussions [77],
[78]. Yet, despite numerous calls for a shift toward experiential-learning methods and project based-
pedagogy, STEM classes are often still dominated by lectures [79]. This is particularly disconcerting
for biology education: as content and technology become obsolete rather quickly, teaching facts and
skills that are specific only to a certain software, platform, or method is a poor fit for a rapidly
evolving landscape. We should instead strive to find ways to help students develop their own abil-
ity and capacity for independent learning. Involving students as much as possible in supervised
research and authentic projects would teach them to generate and test ideas, encourage them to
check out various sources, and provide an environment where they could “learn on the job.”

The desired progression toward educating students who take charge of their own education has led
to the evolution from pedagogy and andragogy to heutagogy — a form of self-determined learning
with “emphasis placed on development of learner capacity and capability with the goal of producing
learners who are well prepared for the complexities of today’s workplace” [80] — see Figure 4. In
our view, the principles and practices of heutagogy may be an effective vehicle for continuing
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Biological Level

Example of Big Data

URL

Continent

National Ecological Observatory Network

https://www.neonscience.org/

Ecosystem

Long Term Biological Research

https://lternet.edu/

Phylogenetic Biodiversity

Tree of Life

http://tolweb.org/tree/
https://cyverse.org

Population Haplotype Map https://www.broadinstitute.org/
international-haplotype-map-project/
haplotype/haplotype-map

Gene Haplotype Alleles https://genome.ucsc.edu/1
goldenPath/help/haplotypes.htm

Organism Physionet https://physionet.org

Flybase http://flybase.org/
Wormbase http://www.wormbase.org
iDigBio http://www.iDigBio.org

Tissue Allen Brain Map https://portal.brain-map.org/

Cell American Type Culture Collection htps://www.atcc.org/en/Products/
Cells_and_Microorganisms/Cell_Lines.aspx

Genome GenBank https://www.ncbi.nlm.nih.gov/genbank/

Metabolisms KEGG https://wwuw.genome. jp/kegg/pathway.html

EcoCyc https://ecocyc.org/

Transcriptomics Mammalian Transcriptomic Database http://mtd.cbi.ac.cn/

Proteome PDB https://www.rcsb.org/

Protopedia

http://proteopedia.org/

Small Molecules

Human Metabolome Database

http://www.hmdb.ca/

Atomics Level

Biological “Periodic Table”

htps://i-biology.net/ibdpbio/
01-cells-and-energy/
periodic-table-for-biologists/

TABLE 1.

Some existing databases at various levels of biological organization.
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FIGURE 4. Over the past century and a half, models for education have gone
through major shifts: from a broadcast transmission model (pedagogy) promoted
in the 19th century ([81], [82]), to a more learner-centered model (andragogy [83])
developed by John Dewey in the 1930’s and elaborated in the 1960’s by Joseph
Schwab [84] and Jerome Bruner [85], to a model influenced by the massive potential
of the World Wide Web (heutagogy) that focuses more on students’ own motives
for learning ([86], [80], [87]).

education of students in rapidly advancing areas such as data visualization, and generally the use
of quantitative methods and models in biology.

3.1. Parallels between biology and data science education. The two fields share some com-
mon traits and challenges.

A need to educate a qualified workforce. In many ways the NAS report “Data Science for Under-
graduates: Opportunities and Options” [75] may develop to be for data science what Bio 2010
was for biology. It makes a clarion call for change, and its broad recommendations for inclusivity,
diversity, good practices, and interdisciplinarity parallel those made in the Bio 2010 report for cre-
ating modern programs in biology. Both reports recognize the need for faculty development, the
significant challenges that creating or overhauling existing programs present for administrative and
organizational units, and the need for encouraging cooperation and collaboration between units and
institutions.

The recommendations of the “Data Science for Undergraduates” report are not specific to any
disciplinary domain of application and as such are not immediately applicable to the biology cur-
riculum. Students in the physical sciences will likely find the integration of data science in their
coursework quite natural, while biology students, who may have less affinity to the quantitative or
technical fields, could see it as taking an already existing quantitative challenge to a higher and
insurmountable level (unfortunately, the latter may also be true for many biology faculty). In this
non-specificity however, one could also find a parallel with BIO 2010 and subsequent reports related
to biology education — they emphasize a need for cultivating quantitative and modeling skills while
mostly avoiding prescriptive lists of topics from mathematics and statistics to be included in the
curriculum.
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The reason is twofold: First, the various sub-disciplines of biology require different mathematical,
statistical, and modeling approaches. Similarly, the toolkit of data science is broad and diverse —
the types of data and methods that work for one discipline may not work for or be optimal for
another. Biology students may need to learn specific data science concepts essential to biology,
due to the importance of non-linearity and hierarchical levels of organization, that may not benefit
physics students in the same way. Simply put, there is too much biology, and too much data
science, making a comprehensive curriculum impossible. Second, because of this wide diversity of
approaches, different institutions, institutional units, and individual faculty would need to decide
how to develop a curriculum that serves their interests and institutional goals best.

Not surprisingly then, and just like existing mathematical and computational biology programs,
undergraduate programs in data science come in many shapes and sizes. The 2020 “Discover Data
Science” list provides details on over sixty undergraduate programs, showing a wide variety of
requirements, names, and department/school affiliations [88]. In many cases, a common core of
foundational courses in computer science (e.g., Computer programming, Data structures), math-
ematics (e.g., Discrete mathematics, Linear algebra), and statistics (e.g., Statistical Reasoning,
Statistical modeling and regression analysis) is complemented by advanced course electives (e.g.,
algorithm design, machine learning, Bayesian statistics, data mining and visualization), require-
ments related to a discipline of application, and a capstone. For the latter, students are encouraged
to work in a research group or with a local business or organization to gain experience in solving
authentic problems.

A need for appropriate curricular materials. Many new introductory and intermediate-level data
science textbooks have been published in the last few years to assist faculty in developing curricular
materials at the junction of biology and data science. New texts on data science for biology and
the life sciences complement those on bioinformatics and biostatistics. The titles below are listed
to assist faculty as starting points for new courses they might wish to develop. The resources in
this area are rapidly expanding and constantly in flux, so this list simply represents a small set of
possible options.

Selected recent introductory texts in data science:

e Brian Godsey (2017). Think Like a Data Scientist: Tackle the data science process step-
by-step [89];

Jeffrey Saltz, Jeffrey Stanton (2017). An introduction to Data Science [90];

Oliver Theobald (2017). Machine Learning for Absolute Beginners [91];

Mark Fenner (2019). Machine Learning with Python for Everyone [92];

Jon Krohn et al. (2019). Deep Learning Illustrated [93].

Selected recent data science books at the intermediate and advanced levels

Joel Grus (2019). Data Science from Scratch [94];

Max Kuhn, Kjell Johnson (2013). Applied Predictive Modeling [95];

Aurélien Géron (2017). Hands-On Machine Learning with Scikit-Learn, Keras, and Ten-
sorFlow [96];

e Sebastian Raschka and Vahid Mirjalili (2017). Python Machine Learning [97].

Selected data science texts for biology and medicine
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e Ramsundar et al. (2019). Deep Learning for the Life Sciences [98];

e Daniel Zelterman (2015). Applied Multivariate Statistics with R,” Statistics for Biology and
Health [99];

e Alan Moses (2016). Statistical Modeling and Machine Learning for Molecular Biology [100).

Recent new texts in bioinformatics and statistics for biology:

e Compeau and Pevzner (2018). Bioinformatics Algorithms: An Active Learning Approach
[101];

e Dan MacLean (2019). R Biolinformatics Cookbook [102];

o Arthur Lesk (2019). Introduction to Bioinformatics [103].

Many additional resources are available, although scattered and catalogued under different disci-
plinary labels — statistics, computer science, mathematics, bioinformatics, data science, biology,
life sciences, environmental science, and others. As the number and types of methods, approaches,
tools, and textbooks for data science grows rapidly, even the most ambitious curricula won’t be
able to cover them comprehensively. Thus, effective prioritization will be critical.

A need to create flexible programs. With the rapid pace of discovery in both disciplines, “content”
coverage has been growing, not leaving much room in the curriculum for flexibility. However, as
different questions may require completely different algorithmic, computational, and mathematical
approaches, both data science and biology programs will need to provide different degree pathways
for students. For data science the pathways would depend on the content domain; for biology —
on the biology sub-discipline. It is thus baffling that many biology programs around the country
still require only a semester or two of calculus, which in many instances is taught without any
connection to the life sciences. Some institutions may instead require statistics but, again, in many
cases completely disconnected from biology. There are also programs that require both courses
and those that, unfortunately, require neither. Even in cases when institutions have developed
specialized calculus or statistics courses for the life sciences, it may not be prudent to require them
to the exclusion of other mathematical topics. Calculus and statistics, for example, do not align
well with questions regarding gene regulation and trophic networks — for those, having background
in discrete mathematics and graph theory would be more helpful. Linear algebra and probability
also provide methods of fundamental importance to certain questions in biology and data science;
yet, there may be no room in the curriculum to require them.

Thus, biology and data science need to build flexible programs of study that would permit student
exposure to several mathematical topics. Such programs would need multiple entry points, break-
ing away from the current norms of linearly structured biology curricula. Similarly, data science
curricula would need to be flexible in allowing the disciplinary domain of application to drive the
data science focus. Through the successful initiatives that have created specialized mathematics
courses for the life sciences, student projects and interdisciplinary modules, and student engagement
in research, biology could provide examples and offer educational models that data science faculty
might find useful. Many articles in this special issue describe such successful programs, and they
all have a shared goal of teaching biology students to work with data, models, and quantitative
techniques that would require a diverse mathematical toolbox. The main challenge now is in finding
ways to translate these successful approaches to foster adoption at other institutions and accelerate
the pace of reform.
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A need to instil ethical norms. Both biology and data science face questions regarding privacy and
ethical use of data. When biology students work with data and models that have the potential to
affect public health (epidemiology, vaccination, sanitation), medicine (diagnosis, treatment, prog-
nosis), agriculture (food safety, land management, water utilization), and pharmacology (efficacy,
toxicity, allometric scaling, chronotherapy), it is important that they learn about data privacy and
ethical use of data and comply with all established protocols. Those include, e.g., de-identification,
data scrubbing, ensuring privacy, and limiting access, as well as the use of animals in medical re-
search. In a similar way, we should make sure to include the ethical underpinnings of data and
models when designing new data science curricula. Students not only need to be able to analyze
big data but they also need to be concerned with what data should be collected, how it is collected,
stored, analyzed, and used, and with any policy ramifications of the models that they develop. It
would be beneficial for students in either degree program to be aware of the Institutional Review
Board policies in place at their college and include the training for these at some point in their
curriculum.

Cathy O’Neil’s book “Weapons of Math Destruction” [104] lays out a variety of issues that may
arise because of “the power and risk of mathematical models.” Our students will potentially face
many of the same issues of data privacy and use when seeking employment, obtaining insurance,
applying for funding, and seeking further education. As educators, we should help them understand
the potential abuses of big data and prepare them to be professionals who reverse O’Neil’s concerns
about current practices that “increase inequality and threaten democracy.”

Here again, biology curricula could inform the general data science education debate: biology pro-
grams have grappled with these questions for a long time, and institutions that have incorporated
these elements into their existing biology programs may provide roadmaps or supply ‘adopt and
adapt’ building blocks for new programs in data science that also align with the FAIR principles
for data management and stewardship. Because big data often comes from populations, it is not
surprising that public health researchers have faced many issues involved with big data. Figure 5
maps the ethical issues of digital disease detection — the use of internet, media sources, and technol-
ogy to indicate outbreaks and spread of diseases. Modern survey technologies for disease outbreaks
are prevalent in the news, online, and on social media, so data on the spread of infectious diseases
can be made publicly available faster than through traditional surveillance systems that rely on
data coming from physicians’ offices or hospitals. Good intentions for early detection and control
based on such digital disease detection systems, however, may lead to (intentional or unintentional)
undermining of established ethical norms, and data science students need to develop understanding
and awareness for possible ethical breaches.

Rapp and Tirassa [106] identify four vital elements in the handling of big data: (1) Privacy; (2)
Accuracy; (3) Property; and, (4) Access. These are the nuts and bolts of ethical practices in big
data analysis, but they leave out some social justice and equity considerations. Richards and King
note [107] that the ethical issues of big data are so revolutionary that we might perceive we are on
the cusp of a massive qualitative social change: “The potential for social change means that we are
now at a critical moment; big data uses today will be sticky and will settle both default norms and
public notions of what is ‘no big deal’ regarding big data predictions for years to come. Individuals
have little idea concerning what data is being collected, let alone shared with third parties. Existing
privacy protections focused on managing personally identifying information are not enough when
secondary uses of big data sets can reverse engineer past, present, and even future breaches of
privacy, confidentiality, and identity.” And, as Vayena et al. [105] stipulate, “At the crux of the
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Categories

Context sensitivity

Nexus of ethics and
methodology

Legitimacy
requirements

Ethical Challenges

Differentiating between commercial versus public
health uses of data

User agreements, terms of service, participatory
epidemiology
Global health issues

Robust methodology: algorithm validation,
algorithm recalibration, noise filtering, and
feedback mechanisms

Data provenance
Best practice standards

Monitoring bodies (policies for ongoing monitoring
and action plans for correction of false results)

Paced integration of DDD to standard surveillance
systems

Communication to the public (prevent hype)

Specific Examples

Is identification permitted? Is consent required for
DDD uses? If so, has consent been obtained? Can
it be revoked?

Are users protected in all contexts irrespective of
privacy laws that differ according to jurisdiction?
Are privately collected data open to global public
health uses?

False identification of outbreaks and inaccurate
predictions of outbreak trajectory

Pressure to mobilize public health resources in light
of rapidly spreading unvalidated predictions

Awareness about public health uses of personal
data (in aggregated form)

Is there a shared code of practice amongst all those
working on DDD?

Is there a mechanism for quick response to
inaccuracies about outbreaks?

Are there mechanisms for redressing harms caused
by DDD activities?
Management of expectations

Values

Privacy and contextual
integrity

Transparency
Global justice

Risk of harm

Fair use of resources

Trust, transparency,
accountability

Trustworthiness
Trust, transparency,
accountability

Justice

Common good

doi:10.1371/journal.pcbi.1003904.t001

FIGURE 5. Mapping the ethical issues in digital disease detection. From: Vayena
E, Salathé M, Madoff LC, Brownstein JS (2015) Ethical Challenges of Big Data in
Public Health. PLoS Comput Biol 11(2). CC License [105].

debate on the ethics of big data lies a familiar, but formidably complex, question: how can big data
be utilized for the common good whilst respecting individual rights and liberties, such as the right
to privacy? What are the acceptable trade-offs between individual rights and the common good,
and how do we determine the thresholds for such trade-offs?”

As educators and mentors, we will need to find good answers to these questions and assist students
develop a strong moral compass and grow sensitive to possible unintended consequences of their
actions.

A need for assessment and evaluation practices. Two scales at which the effectiveness of novel
and adapted programs at the interface of data science and biology can occur are that of assess-
ment of particular modules and teaching methods, and that of evaluation at the broader level of
courses, curricula and programs. The scientific teaching movement [108] and the discipline-based
education research program [109] emphasize the benefits of applying education research methods
to determine the effectiveness of teaching, which is also appropriate for initiatives at the interface
between disciplines. The NAS report [75] notes the importance of evaluation for the new flexible
programs in data science and suggests that data science can provide novel methods to coordinate
cross-institutional data to compare the effectiveness of alternative implementations. Examples of
efforts to compare alternative teaching methodologies at the course level include the development
of instruments for quantitative reasoning in biology [110] and for biocalculus [111]. These examples
are steps towards educational research to enhance the efficacy of course-level designs that incorpo-
rate quantitative methods in a biological context. As new curricula and programs are developed, a
more continuous, regular evaluation approach will be beneficial as these programs evolve through
the rapidly changing connections of biology to data science.
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3.2. Challenges specific to biology education in the era of big data. Despite similarities
in the challenges that both biology and data science education are facing, there are many others
that are specific to the life sciences. Some of them are not new, while others have formed more
recently with the emergence of data science. Many are rooted in the reality that biology students
are less quantitatively prepared than those in other STEM disciplines. Virtually all would require
broad multidisciplinary thinking, investments in faculty development, and a major shift in curricular
organization and requirements. Below we presents a list of what we would consider major challenges
in biology education. We then follow up with our thoughts on potential solutions.

1. Educational practice is not keeping up with either research in biology or education
research. The era of big data has brought fundamental changes to the life sciences. However,
faculty and student training is happening much slower than the increase in demand, and the
inertia of our current academic system that is designed to enforce disciplinary silos, not tear
them down, is impeding the process.

2. Rote approaches still prevail in teaching introductory statistics. Communication of sta-
tistical ideas is a first step toward success in data science, thus statistics courses should include
doing as much statistics as possible, tackling projects using real and relevant data. Coding,
data visualization, and ample practical problem-solving should be included. However, statis-
tics education has faced its own problems and setbacks in the last decade, and recommended
curricular shifts toward computation [112] have not yet been widely implemented. Many intro-
ductory courses in statistics (at the high school and college level) still rely on rote approaches,
and students who take such classes rarely develop solid conceptual understanding of the mate-
rial. There is however a large movement in the statistics education community towards driving
concepts through careful use of data examples [113].

3. Data visualization training is lacking. Data visualization and talking intelligently about
data are of great importance in society, and especially in biology and medicine. However, visu-
alization of big data requires specialized software and technologies that may not be among the
tools covered in traditional biology courses or even in advanced undergraduate biology courses.

4. Algorithmic thinking and use of quantitative computational packages are not covered
in the biology curriculum. Computing, basic coding structures, and use of technology are
now just as essential for biology as are quantitative thinking, problem solving, and modeling. The
importance of data science in biology will continue to grow as datasets grow ever larger. However,
biology students, as well as many biology teachers and college faculty, generally consider those
out of their comfort zone.

5. Emphasis on modeling is insufficient. Various types of models (mathematical, graphical,
statistical, simulation, conceptual, etc.) provide ways for describing and understanding com-
plex biological systems as well as for discovering appropriate controlling mechanisms. Making
students aware of the value of models and working with them to help them understand and
create/modify models using data is essential for modern biology education. However, mathe-
matical modeling courses in the US generally do not expose students to the connections between
models and data, and many institutions do not even offer courses in mathematical modeling (or
only offer advanced level mathematics courses that biology students could hardly take because
of their mathematics prerequisites).

6. Data acumen is necessary for success in biology. Introductory data science concepts of
great importance to biology and medicine include data wrangling with heterogeneous, complex
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data sets to address a problem: organizing, combining, aggregating, disaggregating, and trans-
forming data. However, students in general are not exposed to this in traditional biology and
introductory statistics courses, and biology students are not required to take data analytics or
computer science courses (some of which may cover those topics). There seems to be no place
in the curriculum for that.

Biology and mathematics curricula are rigid and difficult to change. There is the
perception that there is too much content to teach, and the typical linear progression through the
curriculum, often involving multiple prerequisites for courses, makes updates difficult. However,
students need to be exposed to new concepts and practices brought about by emerging topics
related to big data, including mathematical models, ethical uses of models and data, and veracity
of open-source data. The large number of credit hours required by some programs as well as
caps on the credit hours for majors that some institutions impose, limit the options for including
a diversity of quantitative topics in the curriculum.

Calculus is not sufficient for modern education in quantitative biology. Data sci-
ence approaches and uses of data in the life sciences are not generally built on calculus-related
methods, but require concepts from other branches of mathematics including, e.g., discrete
mathematics, linear algebra, and geometry in addition to statistics. Biology programs that have
mathematics requirements for the degree usually require calculus. Some degree programs do not
require any mathematics or even, in some cases, any statistics.

Ability to account for the multiple scales of processes and interactions are critical
for biology. Multiple scales are inherent in many biological questions, which may require
approaches different from those in the physical sciences. This requires perhaps different ways of
dealing with heterogeneous data in biology (at least at the undergraduate level) than working
with data from physical systems. This question is not even on the radar in many cases, as
even the general goal of incorporating any authentic data-driven projects into biology courses is
challenging.

New assessment and evaluation methods are necessary. With the ongoing growth of
data science, there is need for assessment instruments and evaluation methodologies that measure
how well colleges and universities are preparing their graduates to join the professional workforce
in view of the challenges above. Such metrics for biology programs, particularly regarding quan-
titative connections, are not yet widely available. The mathematical biology community would
benefit from collaboration with the education research community to develop new assessment
tools and foster cross-institutional methods to broadly evaluate the effectiveness of alternative
methods at the interface of biology and data science.

4. MOVING FORWARD

These challenges may appear insurmountable in the fractured disciplinary setting of academia,
but a solution should be possible if the professional math-bio education community embraces and
facilitates a much-needed paradigm shift. Faculty, institutions, and the professional community at
large should not think of targeting those challenges independently but instead think of designing
comprehensive strategies for reform that target them in parallel. We encourage the community to
approach teaching biology in a way that truly reflects the nature of the discipline in the 21st century
— a vibrant multidisciplinary field in which scientific discovery relies on advancements in technology,
mathematics, data science, statistics, and computer science, and a discipline with profound impact
on our well-being and our environment. The impact of such discoveries (current and potential) on
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society is huge, making it necessary to position our revised programs on solid foundations of ethical
practices and social policy.

Below, we give a list of suggestions for consideration and action grouped by organizational levels
where, in our view, enacting the change would be done most effectively. We do not pretend to know
how all of them could be accomplished or by what specific means. However, by formulating these
thoughts, we hope to initiate conversations within the professional community and rely on our col-
lective wisdom to find a path forward. We consider a professional community comprised of societies
(e.g., SMB, SIAM, ABLE, NABT, ACUBE), interest groups and organizations (e.g., Bio SIGMAA,
IBA), government agencies (NSF, NIH), centers and institutes (e.g., NIMBioS, SESYNC), initia-
tives (e.g., QUBES, BEER, BioQUEST), academic institutions, departments, and programs, as
well as individual scholars and educators. Some of the articles in this special issue are devoted to
describing the impact some of these societies, organizations, and initiatives play in shaping a vision
for the future of biology education. Finally, even the best ideas may fizzle and be forgotten if there
is no financial support for their development and implementation. In that, government support is
critical and new initiatives such as NSF’s Reintegrating Biology, could have transformative effect
for the field of biology education.

At the Course Level:

1. Introduce simple basic ideas early. Finding ways to convey important statistical ideas in a
simple way may well be the most powerful and beneficial quantitative learning at the lower level.
Emphasis on data literacy, understanding data, and using data to answer questions should be
embedded in the core quantitative literacy requirements that occur in the core curriculum of all
undergraduate programs. It may also be time to consider separate introductory-level statistics
courses for biology students. Addresses Challenge 2.

2. Use different courses to gradually develop data acumen. This could be done initially
on a small scale in a variety of courses (e.g., encouraging students to do small data collection
projects and develop hypotheses, learning a bit of R or Python along the way) or by organizing
tutorials with group projects (requiring, e.g., multivariate statistics). Addresses Challenges 3, 4.

3. Use real and relevant data in all courses. With the open data movement gaining momen-
tum, there are many repositories and databases that contain reliable and current information
from research institutions, health departments and organizations, municipal records, government
databases, community resources (e.g., Open Data Repositories [114], and those combining open
data resources with code and results from contributors [115]). Short, intensive initiatives without
multilayered prerequisites could work best. Addresses Challenge 2.

4. Ezxpose students to data from complex systems. Hierarchy in biology leads to highly
connected systems. We might build a place in the curriculum where linking, aggregation and
aggregation vs. linking can be discussed and demonstrated. Students should be able to see data
and models of different types and scales and understand how time/space issues are reflected in
data. Developing ways to expose them to some basic systems ideas might encourage them to
make a start on the capability to derive links between the underlying system’s structure and
behavior. Readily available tools for agent-based modeling, such as NetLogo, provide one means
to consider how properties at one-scale of biological understanding (cell, or individual organism)
scale to some of the properties at tissue or population level. Addresses Challenges 8, 9.

5. Introduce students to technology tools used by practicing data scientists. There is
no need to use “training wheels” in classes. If students are taught to use uncommon software,
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they will need to unlearn as soon as they decide to join the professional community. This brings
more harm than benefit. Students should be exposed to computing and technology in as many
traditional biology courses as possible. Addresses Challenges 3, 4.

Emphasize data visualization across multiple courses. Address visualization of data in as
many introductory statistics and biology courses as possible. Using projects and data relevant to
your students’ interests, allowing them to choose, visualize, and interpret data sets of their choice
to increase their learning engagement. Adapt and adopt can work well, given the multitude of
existing visualization tools, inspiring TED talks, and teaching resources offered (e.g., Gapminder,
Many Eyes, Tableau, Worldmapper). There are also many great data visualization texts (e.g.,
Atlas of Knowledge: Anyone can map [116], Data Visualization: A Practical Introduction [117],
Fundamentals of Data Visualization [118], and others). Addresses Challenge 3.

Develop problem-solving acumen. Help students develop awareness for the specificity of
mathematical tools needed to answer various questions in biology. When is calculus really
important and when is it likely to be the main tool for dealing with certain types of questions?
What type of statistical models would be appropriate to target the underlying question from
biology? When are methods from discrete mathematics, linear algebra, geometry, and modern
algebra important? Think about how to integrate content and pedagogy to best expose students
to those problem-solving concepts. Addresses Challenges 2, 5, 8.

At the Curriculum/Department Level:

8.

10.

11.

Create flexibility in the biology and mathematics curricula. This would allow capability
for different units/groups of faculty or individual faculty to prioritize opportunities for their
students. A way to do this would be to create different pathways for biology majors by broadening
existing requirements for the degree. One way to do this would be to break away from the
largely linear structure of most biology curricula and replace some of their requirements with
electives from an expanded lists of options from mathematics, computer science, data science,
and statistics, as well as biology. Similar to the recommendations of the Data Science for
Undergraduates report, this process may take many forms - see [75, Finding 3.1]. Specific
curricular revisions would depend on the needs and resources of each institution, while the
extent of changes would depend on the institution’s goals and the learning objectives it sets
forth for its students. Addresses Challenge 5 and 7.

Revisit the lists of mathematics courses required for biology students. The life sciences
are different from the other STEM disciplines as, at least for some areas and programs, an entire
quantitative curriculum could be rationally developed without a calculus focus at all, but with
an emphasis on data science, discrete mathematics, and modern algebra instead. Combining
approaches and perspectives from different sub-fields of biology can be used to provide a way for
prioritizing topics, methods, and data science approaches. Addresses Challenges 7, 8.
Emphasize the ethical implications by working with biomedical data. Inspire students
to be attentive and take initiative to develop ethical worldviews that are just as important as
their science education. This would be done best early in the curriculum and in as many courses
as possible and become a component of any philosophy of science course. Find ways to engage
in meta-cognitive reasoning about unintended consequences and subtle second and third order
ramifications of the use and misuse of big data. Addresses Challenge 10.

Encourage students to understand the benefits and hazards of open data and open
resources. The open data, open source journals, and publications under the Creative Commons
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license have removed many “paywalls” and catalyzed progress toward democratizing science.
However, a complement would teach students how to detect questionable content and verify the
veracity of data and integrate these discussions with those regarding ethical use of data. As Rapp
and Tirassa point out “Just because it’s accessible, doesn’t make it ethical.” [106]. Addresses
Challenge 7.

Determine metrics of success. Define clear learning outcomes that your program or de-
partment wants to accomplish. There may be different metrics of success for different groups
with different objectives/needs. The flexibility in program development should provide multiple
approaches; which ones are covered in the curriculum should be determined by the goals each
individual course or program sets for its students. Mapping the progression of students through-
out the curriculum and analyzing how this aligns with exposure to the major concepts and skills
the program decides to emphasize is one example of an evidence-based method for evaluating
success. Addresses Challenge 10.

At the Cross-Department/ Institutional Level:

13.

14.

15.

Develop partnerships between departments. Establish connections between biology, math-
ematics, statistics, and computer science departments. Designing opportunities for connecting
certain courses from these disciplines — e.g., by offering joint lectures, labs, and projects — would
highlight the value and importance of collaborative efforts and generate student opportunities
for interdisciplinary projects. Additionally, connections with the philosophy department could
foster ways for students from diverse disciplines to be introduced to the debate on ethical con-
cerns with use of big data. Including bioethics in developing interdisciplinary projects would
help students identify and confront unethical use of big data in biology and medicine. Addresses
Challenge 3, 4, 7.

Find synergistic approaches to content delivery. It may be prudent to look for ways to
combine key biology and data science concepts and teach them in parallel. For instance, certain
data tools and topics overlay with biology topics — some algorithms have biological cognates (e.g.,
genetic algorithms, neural networks). This way, biology students would learn how to use those
algorithms and DS/CS students benefit from learning genetics, trophic nets, and other elements
from biology that have influenced data science. Carefully consider what alternative delivery
mechanisms may work in your specific institutional context for removing existing disciplinary
boundaries. Addresses Challenges 4, 6, 8.

Ensure institutional support and faculty development. Put processes in place to offer
opportunities for faculty — from those supporting individuals, to groups, departments, schools,
cross-institutional initiatives and those across communities. Encourage faculty to participate in
professional development initiatives that bring training, instructional materials, and curricular
models to those ready to reform their classrooms. This would enhance the comfort of faculty to
introduce novel concepts in their teaching. Develop systems of rewards for those willing to offer
new courses or transform their classrooms by employing modern pedagogies aiming for educating
life-long, independent learners. Addresses Challenges 1, 3, 4, 5, 9.

At the Professional Level:

16.

Catalyze education research on modeling the education process. Develop robust inven-
tories for measuring success of data acumen. Decide what metrics are appropriate for evaluation
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at different scales of the education enterprise. Is there a need to expand the existing networks
of educational conceptualizations to better assess students in this new data-rich driven environ-
ment? Addresses Challenge 10.

17. Join the debate on teacher education. We have responsibility for educating prospective
teachers differently. Two articles in this volume by Richard Lehrer and Bob Mayes et al. provide
some perspective on ways to do this. Addresses Challenges 2, 3, 4.

18. Engage with the professional communities of biology, mathematics, and data sci-
ence. Many resources have been developed under the guidance of these entities and are freely
available to use in their current form or to adapt and adopt. There are also ongoing initiatives,
which interested faculty may join, and discussions where faculty could contribute their ideas
for the future of biology education. Finally, participating in the various workshops and sem-
inars organized by NSF, MAA, NIMBioS, MBI, STAM would allow faculty to stay current in
the rapidly-changing world of big data and receive professional support and funding. Addresses
Challenge 1.

5. CONCLUDING REMARKS

The need to create designated curricula for mathematical biology education has been debated for
decades, going back at least to the Cullowhee Conference on Training in Biomathematics held at
Western Carolina College, Cullowhee, North Carolina, from August 14-18, 1961 [1]. Since then,
mathematical biology education has gone through many attempts to reform but some of the chal-
lenges have persisted — some issues raised at the Cullowhee conference have resurfaced, in various
forms, during each new attempt for change. Questions about the need to create mathematics
courses and training programs for biology students different from those designed for engineering
and natural sciences students have sparked multiple debates since the 1960s and appear to be just
as pertinent (and in many instances just as controversial) today as they were at the time of the
Cullowhee conference.

Concurrently, the emerging importance of computer science and discrete mathematics in the 1980s
led Fred Roberts and Tony Ralston to raise similar concerns and ask ”Is Calculus Necessary?” [119]
and “Will Discrete Mathematics Surpass Calculus in Importance?” [120]. Even though discrete
mathematics is yet to become a standard expectation of biologists, progress was made by some
biology departments in the 1980s and 1990s by requiring biometrics (especially after the success
of textbooks like Rohlf and Sokal [121] and Zar [122]). As much as this was a step in the right
direction, at many of the institutions requiring statistics for a biology major, the required courses
were only “weakly, if at all, connected to the life science courses in the curriculum.”[123].

A major shift in undergraduate equation occurred in 1998 with the publication of the Boyer report
[124], [125]. Tt reported on dramatically increased attention to undergraduate education at research
universities and accelerated pace of action toward undergraduate research. In biology departments
nationwide, this trend amplified the need for quantitative training of biology students and the
debate that ultimately culminated in the major reports on biology education from the 2000s — BIO
2010 [2], HHMI/AAMC [5], and AAAS Vision and Change [3].

Overall, there have been four major concurrent drivers of change toward reform:

1. Changes in Technology: Available computation tools have taken us from slide rules to main-
frame computers with punch cards, from teletypes to calculators and microcomputers, and to
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cell phones and tablets with enormous computer power and access to massive information on the
web. This, as well as the development of algorithms, heuristics, data structures, and databases,
has had an enormous impact on educational expectations;

2. Changes in Mathematics Education: The post-Sputnik push for major changes in mathe-
matics education has led to many more students choosing STEM disciplines, “new math” wars
between Bourbaki advocates, traditionalists, and progressive student-centered movements, the
emergence of discrete mathematics as an applied discipline (often in association with the tech-
nological changes above), and the professionalization of Discipline Based Educational Research
(DBER) which vetted reforms that improved mathematical learning [109];

3. Changes in Biology Education: Two groups in the sixties and seventies have been of particu-
lar importance to this reform: The Biological Sciences Curriculum Study Group (BSCS), placing
a trifold focus on the emergence of molecular biology and environmentalism (ecology) as well
as sustaining a traditional organismal perspective, and the Commission on Undergraduate Ed-
ucation in the Biological Sciences (CUEBS), active from 1963 through 1972. It produced such
books as“The Pre-service Preparation of College Biology Teachers” and “Investigative Labs”
[126]. This was followed by the high-profile reports and initiatives mentioned above as well as
the development of mathematical biology education materials by many groups described in this
volume;

4. General Changes in US Higher Education: Three initiatives have been essential in the
process: inclusion of more historically underrepresented groups of students into STEM careers,
the “Boyer Report” [127], advocating for college and university faculty to perceive themselves as
scholars investigating how their students were learning, and the Presidential Council of Advisors
of Science and Technology (PCAST) Report [128], calling for focusing more on retention of
students enrolled in STEM disciplines and less on recruitment into programs.

To add to this list, data science has now emerged as another significant driver of change in biology.
It has brought enormous benefits to the discipline and has also highlighted grand challenges that
are urgently awaiting solutions. It is our hope that data science will now force the discipline to
advance education more rapidly toward quantitative approaches, thus training the next generation
of biologists in a way that prepares them to successfully confront those challenges. At the same
time, we stress again that the type, pace, and magnitude of change each institution, department,
or program chooses to implement should always be derived from the goals and objectives set forth
for their graduates. To echo the words from 1961 of J. Z. Hearon, founder and head of the NIH
Office of Mathematical Research, that still ring true after nearly six decades: “There does not exist
now, and it is unlikely that there ever will exist, a unique answer to the question of the kind and
the extent of training that a mathematical biologist should receive” [1].
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