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Mathematical Needs of Biological Sciences Students 

 

Pablo Duran, Ph.D. 

The University of Texas at Austin, 2016 

 

Supervisor:  Jill Marshall 

 

The main purpose of this study was to investigate the mathematical needs of 

biological sciences students and how the current undergraduate curriculum is aligned with 

these needs. Primary efforts to investigate these needs and propose new curricula have been 

made by scientific associations such as the NRC, the MAA and the AAAS. The curricula 

proposed in these projects, however, are not clearly supported by student needs assessment 

studies. This study is intended to address this gap in the literature investigating the needs 

of biological sciences students through a mixed-methods based approach. 

Following a typical needs assessment methodology scheme, student needs were 

measured by the difference between students’ acquired competencies in college and the 

future competencies required in their workplace. This assessment was based on a mixed-

method approach comprised of a content analysis of peer-reviewed journals, a nationwide 

cross-sectional survey, and semi-structured interviews. 

The study was guided by two main research questions: (1) What are the 

mathematical needs of biological sciences undergraduate students as perceived by certain 

stakeholder groups? and (2) Is the curriculum aligned with these needs? 

Major findings included: (1) The most consistent need across disciplines is the use 

of experimental design. (2) An overall understanding of math models is needed at least for 
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scientific literacy; (3) The mathematical needs of students strongly vary depending on their 

disciplinary tracks. 

Students from ecology, evolution and animal behavior need training in the areas of 

descriptive and inferential statistics, precalculus, calculus, stochastic processes, linear 

algebra, differential equations, and mathematics models in general. On the other hand, 

students from developmental biology need training in the areas of precalculus, descriptive 

and inferential statistics, and mathematics models.  

These differences between disciplinary tracks imply the need for a flexible 

undergraduate curriculum that starts with introductory courses in experimental design and 

mathematics models, and offers options to pursue in depth particular research approaches 

according to students’ interest.  

An analysis of students needs and the curricula proposed in the literature, and a 

brief discussion of the implications of these results to the biological sciences undergraduate 

curriculum of the University of Texas at Austin is also included.  
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CHAPTER 1. INTRODUCTION 

Historical background 

Initially, the use of mathematics tools in Biology was rather elusive. By the middle 

of the 17th century only a couple of isolated contributions are noteworthy—Fibonacci’s 

growth model in 1212, and Harvey’s observations on blood flow in 1625. It was not until 

the emergence of differential equations that a number of mathematicians were able to 

start connecting natural phenomena to mathematics expressions in a more productive 

way. The first connections were made in the field of population dynamics.  

The quantitative nature of population dynamics seemed to be most suitably 

modeled using differential equations. Euler in 1748, and his exponential growth model 

for a limited human population; Bernoulli in 1766, and his model for disease spread; and 

Verhulst in 1838 with his logistic equation in 1838, are only a few examples of a large list 

of contributions that shaped the population dynamics field. 

In the next few decades, the renewed study of probability and statistics, together 

with the tools available in calculus, allowed scientists to solve important problems in 

genetics. First, came Galton, modeling surnames’ extinction through probabilities in 1873, 

and using correlations to study heredity in 1889 (Bulmer, 2003). Next, Pearson made 

further developments, introducing the chi-square distribution to test differences 

between observed and estimated cell frequencies in 1900 (Plackett, 1983). Lastly, and just 
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to name a few, Hardy, laying the foundations of modern genetics with his study of genetic 

diversity in 1908 (Hardy, 2003). 

Due to the productive relationship between mathematics, statistics and biological 

sciences, the subfields of biomathematics and biostatistics were created, and a number 

of problems were studied through collaboration. The success of these initiatives, 

however, was to some extent limited. One of the reasons that explains these limitations 

was the calculation power available at that time. The equations involved in the 

mathematical models used were simply too complicated to be managed with the aid of 

computers available those years.  

During the last decades, however, important advances have been made in 

technology, increasing the computational power on an exponential scale. The impact of 

this change in the relationship between mathematics and biology has been so significant 

that it is said to have shaped what is called a New Biology (Edelstein-Keshet, 2005).  

This new perspective on the nature of biological sciences has gradually been 

reflected in the curriculum over the last decades. Mathematics and biological sciences 

departments have been adapting to this new scenario, revising the courses or introducing 

new interdisciplinary programs.  

The creation of mathematics courses  specially designed for biologists was initially 

undertaken by only a few academic institutions and did not necessarily respond to a 

systematic study of curriculum design (Katkin & Reznik, 2005). During the last years, 

however, influential scientific associations in the U.S. have been gathering committees of 



 

 

 3 

scientists and educators to search for general guidelines on what the design of these 

courses should be.  

These committees have delineated new curricula designed to potentially fulfill the 

mathematical needs of biological sciences students; however, these reports were not 

clearly supported by need assessment studies. 

Mathematical needs of students in their future workplace 

Although it is impossible to fully know the impact of the curriculum on student 

future careers beforehand; different measures can be used to offer reasonable 

estimations, including graduation rates, employability or the number of scientific 

publications of graduate students. These measures are usually linked to quantitative 

studies that search for statistical correlations, not being capable of capturing the rich data 

from that come from qualitative studies.  

A more qualitative approach that attempts to capture important variables that 

might have been excluded in these studies is the needs assessment methodology. In 

biological sciences, this methodology has mainly been used in medical education, in areas 

that are typically task-oriented such as surgery or obstetrics (Birch & Mavis, 2006; Curran, 

Xu, Dewald, Johnson, & Reynolds, 2012; Kasten, Levi, Eng, & Schenarts, 2009). 

Most descriptions of the needs assessment methodology define the concept of 

needs as a gap between desired and a present states (Altschuld & Kumar, 2009; Gupta, 

2011). Given this definition, this methodology then simply consists of developing tools to 
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measure both states, so that the needs are identified by the difference found. The study 

proposed in this dissertation followed the same methodology; it was however reframed 

to the biological sciences curriculum, focusing, in particular, on students’ future 

workplace—including laboratories, graduate schools, and research teams.  

To contextualize the needs assessment, desired and present states were 

reformulated as follows. The present state was defined as the mathematical knowledge 

and skills that biological sciences students acquire from their undergraduate education. 

The desired state on the other hand was defined as the mathematical knowledge and 

skills that these students will require to perform different tasks at their workplace in their 

future careers.  

In order to simplify the terminology, the present and desired states were called 

acquired and required mathematical competencies, respectively; understanding 

mathematical competencies in their simplest sense, as mathematical knowledge and 

skills. Thus, the mathematical needs of the students were then defined as the difference 

between the acquired and required mathematical competencies. Although rather simple, 

this definition entails a number of theoretical subtleties that are important to clarify.  

First, the concept of mathematical competencies cannot be easily defined, since 

it is linked to deep underlying epistemological issues related to the difficult task of 

defining mathematics first. This problem was avoided favoring a subjective stand, defining 

mathematical competencies as all the mathematical knowledge and skills nominally 

identified by the stakeholders, scientific institutions, and traditional sources.  
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Second, the students’ future workplace is a broad variable that was simplified, in 

this context, as a set of tasks that students will be required to perform at their workplace. 

These tasks are not necessarily related to mathematics, although that was the main focus 

of the study. Third, the acquired and required competencies were understood as task-

dependent, in the sense that only competencies that can be applied to a particular task 

will be considered.  

Thus students’ required competencies were understood as all the mathematical 

competencies that will be required in order to perform particular tasks in the students’ 

future workplace. This description is, of course, a highly subjective choice, since it requires 

the existence of a criterion to decide when a set of mathematical competencies is needed 

in order to perform a particular set of tasks.  

Although the issue mentioned above is discussed in detail in the methodology 

section, since the description of this criterion was part of the assumptions of the study, it 

will be briefly defined here as follows. It will be said that students will require 

mathematical competencies to perform a particular task in two cases: if they will not be 

able to perform this task without these competencies, or if they will be able to perform 

the task without the competency but not as efficiently as if they were applying these 

competencies. 

Given the previous theoretical considerations, the definition of mathematical 

needs can be expressed as follows: a student mathematical need for a particular task is 

the set of competencies that are required but were not acquired by individuals in their 
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college education. If this particular task is labeled X, the needs are defined by the 

following formula: 

Current Student Needs (X) = Required Competencies (X)- Acquired Competencies (X) 

Concerns about how the elements of this definition can be measured or estimated 

and how they are specifically related to the study of the biological sciences curriculum are 

discussed in detail in the methodology section.  

Gap in the literature on biological science student needs 

Literature in needs assessment is ample and can be found in areas as diverse as 

teacher education (Baird & Rowsey, 1989; Loughran, 1994), language education (Fatihi, 

2003; Greenberg, 2012), and engineering education (Horel, Ziegenfuss, & Perry, 2013; 

Lethbridge, 2000). In biological sciences undergraduate education, needs assessment 

studies have mainly focused on medical education in specific areas such as obstetrics, 

otolaryngology or surgical education (Birch & Mavis, 2006; Carr, Brown, & Reznick, 1999; 

Curran et al., 2012). In general, the data collection method used in these studies is 

questionnaires in which participants are asked to rate a number of items to elucidate 

student needs. The purpose of these questionnaires was to provide feedback regarding 

the current curriculum from the practitioners’ perspective in order to improve the 

curriculum design. 

Studies on needs assessments in other areas of biological sciences such as 

microbiology, developmental biology, and ecology have not been conducted yet. This 
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study is intended to contribute to the expansion of the literature of needs assessment to 

these and other areas of biological sciences. The main purpose was to investigate the 

alignment between student needs and the biological sciences curriculum.  

Due to the scope of this dissertation, only a few key elements of the curriculum 

were investigated; in particular, the elements directly related to the process of content 

selection as described by the Lattuca and Stark curriculum framework (2009), described 

with details later in the next chapter.  

Research questions and final remarks 

The purpose of the study was explorative and evaluative. On the one hand, the 

main focus was to describe student needs as accurately as possible, on the other hand, 

the alignment between these needs and the current biological sciences undergraduate 

curriculum was also assessed. In particular, the main research questions that guided this 

study were the following:  

1. What are the mathematical needs of biological sciences undergraduate 

students as perceived by certain stakeholder groups?  

2. Are the mathematical needs of biological sciences undergraduate students as 

perceived by the stakeholders aligned with the curriculum?  

Due to the scope of this study, the broad field of biological sciences was 

investigated considering only the subfields of ecology, evolution and behavior (EEB) and 

developmental biology (DB). The rationale for the choice of these subfields responded to 
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the search for areas that are currently relevant to the biological sciences curriculum and 

typically known for being at opposites extremes in the use of mathematics.  

The stakeholders’ groups were selected by their relevance to student needs, 

initially including graduate students, biological sciences instructors, postdoctoral fellows, 

mathematics instructors, and faculty members with direct participation in the biological 

sciences curriculum making process. However, due to the restrictions of the study, only 

the three first groups were investigated, all of them from both EEB and DB areas.  

In order to answer the research questions previously framed, a needs assessment 

was conducted through a content analysis of peer-reviewed articles published between 

2000 and 2010 in the prestigious EEB and DB journals, a nationwide survey, and semi-

structured interviews. The study followed a mixed-method approach with a sequential 

design of three phases. Major findings included:  

1. The most consistent need across disciplines is the use of experimental design 

2. An overall understanding of math models is needed at least for scientific 

literacy 

3. The mathematical needs of students strongly vary depending on their 

disciplinary tracks 
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CHAPTER 2. LITERATURE REVIEW 

Theoretical framework 

The theoretical framework for this study is built on three main assumptions. The 

first refers to the concept of curriculum preferred, the second has to do with the 

framework used to study the curriculum, and the last assumption refers to the views on 

how the purpose of education is understood in this study.  

CURRICULUM DEFINITION 

There are many definitions for curriculum, varying in scope or function. In a 

comprehensive review of these definitions, Portelli (1987) counts over a hundred of them, 

identifying at least three main categories.  

In the first category, curriculum is simply seen as content, a course of studies, a 

set of knowledge and skills to be taught to students. The second category includes a much 

broader set of definitions that emphasize the role of the learner in the educational 

process. Curriculum in this category is simply seen as the set of all the experiences or 

activities that students might have because of school. The last category emphasizes the 

presence of an underlying design or system. It sees curriculum as the set of all the actions 

planned because of school.  

The variety of definitions responds—among other factors—to a need to describe 

a concept that depends on the educational setting considered. In the college setting, 

despite its diversity, a number of important elements can be found in common including 
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courses, course requirements, and major and minor specializations. These elements seem 

to favor the view of the undergraduate curriculum as described in the last of Portelli’s 

categories. 

In fact, a number of higher education scholars subscribe to this category 

(Diamond, 1989; Gaff & Ratcliff, 1997; Lattuca & Stark, 2009). Their definitions are very 

similar, mainly differing from each other in their level of specificity. Some definitions 

include elements such as content, purpose or assessment; others definitions, however, 

leave the description of individual elements as part of a curriculum framework or model, 

defining curriculum only in general terms.  

One of the simplest examples of Portelli’s last category is Lattuca and Stark’s 

definition, who briefly describe curriculum as an academic plan. This broad definition is 

intended to allow their curriculum model to provide the details of all the different 

elements involved in the undergraduate curriculum. Since their model will be the main 

analytic tool used to analyze the undergraduate curriculum in this dissertation, their brief 

definition will be preferred, and the main elements involved will be discussed in the 

description of the model as well.  

CURRICULUM FRAMEWORK 

Lattuca and Stark’s framework 

The majority of the literature in curriculum studies focuses on elementary and 

secondary school. Only a few scholars have tried to develop a curriculum framework for 
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higher education; and most of them have focused on single elements of the curriculum, 

such as purpose, content and course sequence (Levine, 1978; Posner & Strike, 1976; Stark, 

2000; Stark & others, 1990). There are a few attempts to design a framework for the 

undergraduate curriculum as a whole (Bergquist, 1981; Conrad & Pratt, 1986; Dressel, 

1979); however, these attempts have been rather incomplete. As a way to address this 

issue, Lattuca and Stark (2009) recently developed a more global framework building on 

the literature available. Some of the main features related to this study are illustrated in 

Figure 2-1. 

Figure 2-1. Lattuca and Stark’s undergraduate curriculum model 
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As shown in  Figure 2-1, Lattuca and Stark’s (LS) framework is organized in a 

number of elements related to each other in refining cycles. The first refining cycle, called 

the educational environment, is comprised of seven main elements: purpose, content, 

sequence, learners, instructional resources, instructional processes, and evaluation. All of 

these elements can either refer to an academic unit such a course or a broader academic 

plan such a minor or a major.  

The purpose element might be influenced by a number of factors including the 

needs of the society, the characteristics of disciplines involved, and the characteristics of 

students (Ratcliff, 1997, p. 13). This influence also depends on the underlying educational 

philosophies curriculum that will be properly discussed further on. 

The content element refers to the selection of topics to be taught. The sequence 

element is associated with the ways in which the content is organized. The learner 

element is mainly related to the characteristics of the students, such as their learning 

styles, academic background or goals. Instructional resources represent the settings and 

materials used including the type of classrooms, the technology, and textbooks used. 

Instructional processes, on the other hand, represent the activities designed including 

homework, group activities, and lectures. Finally, the evaluation element refers to the 

way in which the learning outcomes are measured. Each of the elements of the 

educational environment might be adjusted after each refining cycle, as the outcomes of 

the process are properly weighed.  
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The educational environment is part of a broader refining cycle that includes the 

existence of different kinds of influences associated with three main categories: external, 

organizational, and internal. The first category includes all the influences outside of the 

academic institution, such as the economy, accreditation standards, and the job market 

for graduates. The second category includes all the organizational influences that 

originate from inside the institution but outside of the particular department on charge 

of the program or course. Examples of this type of influences include the college mission, 

the relevance of the program in the institution, and the system of faculty rewards.  

The last category includes influences that are directly related to the department 

in charge of developing the curriculum such as faculty beliefs, evaluation of students, 

faculty or the program, and admission standards. These three types of influences interact 

with the educational environment, affecting it and being affected by its outcomes.  

Role of student needs in the LS framework 

A thorough study of the extent to which student needs are aligned to the 

curriculum requires investigating each element of the LS framework. Due to the scope of 

this dissertation, however, only the element of content and three closely related 

elements were particularly chosen for this study—based on the contextual filters model 

(Stark, Lowther, Ryan, & Genthon, 1988). These elements are purpose, external and 

internal influences.  
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The element of purpose was only superficially explored, as a way to understand 

the perception of some of the participants with respect to student needs. The study of 

the external influences element was concentrated in the perception of alumni and 

discipline associations. The study of the internal influences on the other hand, focused on 

faculty members, and their relationship to content.  

The rationale for focusing the study on the content element—besides the 

dissertation scope—was twofold. On the one hand, the characterization of this element 

in the curriculum is fairly easy to see—unlike other elements such as instructional 

processes or learner characteristics. Although the existence of a hidden curriculum is 

possible, in mathematics courses the content selection presented in the syllabus is , in 

general,a quite reasonable representation of the topics being taught. 

 On the other hand, the new curriculum proposed by the NRC and the MAA that 

served as the basis for a tentative proposal of student needs is mainly described in terms 

of its content. Other elements of the LS framework, shown in Figure 2-1, such as 

instructional resources and processes, learner characteristics and evaluation—although 

extremely relevant to student needs—were left for further research. 

Since the LS framework was one of the most comprehensive attempts to 

characterize undergraduate curriculum at the time this dissertation was written, it was 

chosen as the theoretical framework to guide this dissertation. This framework requires 

of a clear recognition of the educational purposes being considered and how these 
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purposes might or might not affect the study. This issue—as previously mentioned—

proved particularly relevant when investigating the faculty members.  

Purpose of undergraduate curriculum 

It was expected that faculty views on the purpose of education were consistent 

with their perceptions about content selection, which was an important source of 

triangulation at the time of assessing the reliability of the study. There are two main 

lenses through which the purpose of education was understood and analyzed. These 

lenses are suggested by Fuhrman’s (1997) and Levine (Levine, 1978) who describe 

purpose, respectively, by a historical and a philosophical view. Although there are more 

recent categorizations of purposes (Chan, Brown, & Ludlow, 2014; Watty, 2006), they 

were not considered for being too specific.  

The historical view emphasizes the strong dependency of curriculum purposes on 

the historical context in which the curriculum is situated. Fuhrman identifies four key 

periods: the colonial, the nineteenth century, the twentieth century, and the twenty-first 

century periods. The purpose of higher education in the colonial period was characterized 

by the emphasis on the transmission of moral standards to the selected group of students 

who were able to have access to college.  

In the nineteenth century period, the purpose of higher education was broader, 

giving emphasis to democratic values, access, and social and economic development 

through education. The twentieth century is characterized by three main philosophies of 
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education: the utilitarian, in which job preparation skills were central; the scientific view, 

in which research was the main purpose; and the liberal learning view, in which human 

development was highly emphasized. Finally, the twenty-first century period is mainly 

characterized by a higher emphasis on optimizing the resources available to the higher 

education institutions in order to reach a larger and more diverse population of students 

with the best possible quality of education.  

The philosophical view identified by Levine (1978) includes three main theoretical 

approaches: perennialism, essentialism, and progressivism. Levine also proposed 

reconstructionism as a fourth approach, however, due to its similarities, it would be 

considered here as a particular case of progressivism.  The perennialism approach can 

briefly be described by two main characteristics. First, education should lead students to 

train their rational faculties. Second, this training should be based on universal and 

immutable truths whose existence is presupposed—best represented by the great books 

(Levine, 1978, p. 8).  

The essentialism approach proposes that knowledge historically acquired in the 

history of human civilization should be refined to a set of basic body of knowledge that 

all students should learn (Levine, 1978, p. 8). The progressivism approach proposes that 

the purpose of education should be to prepare students for a successful incorporation to 

society, so that they would be able to solve personal and social problems (Howard, 1992, 

pp. 27–52). 
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The views of faculty members on the purpose of education are likely to be 

consistent with the institutional view of education or differ in subtle or important ways 

depending on their individual differences. Fuhrman and Levine’s views on the purpose of 

education will be used as lenses through which participants’ views can be identified, 

understood, and categorized.  

Research on content and student needs 

There are two main objects of concern in this dissertation: the biological sciences 

curriculum content and the mathematical needs of students in their future workplace.  

The element of content can be seen as the institution’s proposal of what a student 

needs to know. The list of topics found in mathematics courses from the biology 

undergraduate coursework, for instance, reveals what the institution considers the 

students' mathematical needs to be. These needs, however, might not necessarily be the 

same as the needs students will encounter in their future workplace. Needs assessments 

are usually carried out in order to ensure that student workplace needs are somehow 

aligned to the students’ future workplace. 

In biological sciences, however, the students’ future workplace is by no means an 

easy environment to examine. Biological sciences majors have a variety of options of 

specialization that have different needs for mathematical knowledge and skills, including 

general biology, neurobiology, microbiology, ecology, marine biology, cell and molecular 
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biology, and plant biology. These options, at the same time, lead to a wide range of 

different career paths such as surgeons, scientists, and biology teachers.  

A thorough needs assessment of biological sciences students’ future workplace is 

considerably time-consuming, since it will require a systematic study of each one of these 

career paths. A literature review was conducted in this section in order to identify 

previous experiences carried out to investigate the alignment of mathematical needs to 

content in biological sciences.  

The literature was organized according to the theoretical framework. Initially, the 

review focused on describing each element of the LS framework separately; however, 

although some studies clearly describe the connection between content and a specific 

element of the LS framework, most of them include multiple elements of it. The clearest 

distinction was found with the element of external influences, in which there is a clear 

separation between studies that focused on the relationship between discipline 

associations and content. The rest of the articles, however, combined external and 

internal influences.  

Therefore, the review was organized in these two main sections: discipline 

associations and independent research studies. When reporting the findings of this last 

group of studies, clear distinctions were made regarding how content, external and 

internal influences are related.  
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DISCIPLINE ASSOCIATIONS 

The findings on the relationship between discipline associations and content in 

the literature were compiled in a series reports from workshops and conferences 

organized by national scientific institutions. The purpose of these institutions was to 

gather committees of scientists, educators, and students in order to reflect over the 

current undergraduate curriculum. The committees were asked to envision the future of 

biology as a whole and propose a new curriculum able to prepare students sufficiently for 

the coming changes. 

Some of the major initiatives to study the mathematical requirements of the 

biological sciences curriculum have been organized by three of the largest scientific 

national institutions: The National Research Council (NRC), The Mathematics Association 

of America (MAA), and the American Association for the Advancement of Science (AAAS). 

Each one of these institutions has taken a different approach to study the curriculum. 

Most of them have, however, given a predominant place to scientists and faculty 

members as experts on the area of biological sciences students’ future workplace. 

National Research Council 

The first one of these initiatives was promoted by the NRC. This initiative 

assembled a committee of 11 scientists from prestigious academic institutions across the 

country. The committee was chosen according to the relevance of their competencies to 

the project.  
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One of the main goals of the initiative was to prepare life science majors for the 

future changes in the discipline, paying special attention to students in biomedical 

research. (NRC, 2003, p. 24). Additionally, the committee was also asked to identify the 

skills and concepts of all the disciplines that interface with biology—partner disciplines—

that will allow students to be prepared for interdisciplinary research.  

In order to pursue these goals, the elected committee gathered a group of over 

40 scientists and educators from prestigious academic institutions across the nation—

including Yale, Princeton, and Stanford—selected to be a good representation of each 

partner discipline involved. A total of five disciplines were considered: mathematics, 

computer science, chemistry, physics, and engineering.  

The committee organized workshops in which panels of participants were asked 

to reflect over a number of questions related to the biological sciences curriculum. The 

disciplines of mathematics and computer science were part of the same panel. This panel 

was comprised of scientists and educators from the fields of biology, mathematics, and 

computer science, especially chosen by their connections between disciplines. 

The members of the mathematics and computer science panel met for two days 

and explored nine guiding questions proposed by the committee. These questions—

aligned with the initiative main goals—were intended to examine the issue of preparing 

students for the future changes in biology and its increasing connections to mathematics 

and computer science.  
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The following four questions were related to the issue studied in this dissertation: 

(1) how will biology research be conducted in the future? (2) What fundamental skills and 

knowledge are needed by undergraduates to prepare them to excel as biologists? (3) 

What elements of mathematics and computer science will assist students in making novel 

interdisciplinary connections? (4) Should these skills and concepts be acquired through a 

restructuring of biology courses or through a broadening of the content and structure of 

courses in mathematics, chemistry, and physics? (NRC, 2003, pp. 123, 124). 

In exploring these questions, the panel made recommendations on developing an 

appropriate curriculum. The main recommendation made by the panel, regarding content 

selection, was to include the following specific topics: conceptual understanding of rate 

of change, modeling, equilibria and stability, structure of a system, interactions among 

components, data and measurement, stochasticity, visualizing, and algorithms (p.168).  

The panel argued that these requirements are necessary for students to perform 

computer simulations of physiological, ecological and evolutionary processes, and to 

analyze phenomena in biological sciences in depth using computational tools, analytical 

methods or both. A detailed content selection was added at the end of the 

recommendations that included specific topics for each one of the mathematics areas 

involved. Calculus for, instance, included complex numbers, limits, integrals and Fourier 

series.  

In summary, the NRC studied student future needs from the experts’ perspective, 

relying on their ability to foresee the field projections. The question of how the future 
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mathematical needs of biological sciences students can be aligned to curriculum content 

was answered through the views of a panel of scientists and educators from biology, 

mathematics and computer science.  

This panel was comprised of only ten participants and provided with a very limited 

time. It was able, however, to propose a list of selected topics that potentially aligned to 

the student needs. Unfortunately, this list of topics did not include information regarding 

how each topic could specifically be linked to all the different career paths of biological 

sciences.  

Mathematics Association of America 

The second initiative was organized by MAA and gathered a committee of 27 

mathematicians from different academic institutions across the nation. One of the main 

motivations of the project was the general perception of the MAA that students were 

unable to see connections between mathematics courses and their chosen disciplines. 

The skills and knowledge students acquired in mathematics courses was not valued as 

something they would need in their future workplace (Ganter & Barker, 2004, p. 1).  

The initiative set as one of the main goals to establish guidelines for mathematics 

departments on how they should shape the curriculum not only for mathematics majors 

but especially for majors from partner disciplines. The project attempted to cover over a 

dozen different disciplines across the science curriculum, including biology, chemistry, 

business, and engineering.  
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This committee organized over 17 workshops to discuss the mathematical needs 

of all the partner disciplines; each workshop was dedicated to a particular discipline. The 

workshop dedicated to biological sciences, in particular, gathered 11 biologists and 10 

mathematicians who met for three days in 2000. A 200-page report was published with 

the summary of the workshops for each partner discipline (Ganter & Barker, 2004), and a 

100-page final report with general recommendations to mathematics departments that 

integrated the results of the workshops (Barker et al., 2004).  

One of the main conclusions drawn by this committee was that the current 

mathematics curriculum does not fulfill the quantitative needs of biology students. In 

order to address this issue, the committee suggested emphasizing problem-solving skills, 

mathematical modeling, and communication skills. Due to the broad scope of these 

requirements, a set of priorities was proposed favoring depth instead of breadth.  Four 

main recommendations were made in terms of content selection and course sequences.  

First, science departments should review the content selection, in terms of quality 

and quantity of topics (p.5). Second, non-calculus-based statistics and data analysis 

should be offered in the first two years. Third, coursework in science should start with a 

course on discrete mathematics and mathematical reasoning in the first two years 

without Calculus as a prerequisite.  

Calculus and linear algebra courses should also be taught in the first two years, 

however, emphasizing only key topics to student needs. Fourth, traditional algebra 

courses should be replaced with courses that emphasize problem-solving skills, 
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mathematical modeling, descriptive statistics, and mathematical applications (pp.3-5). 

Complicated algebraic manipulation was discouraged.  

In addition to the recommendations mentioned above, the biologists and 

mathematicians’ workshop proposed a brief and broad content selection that included 

algebra, calculus, statistics, discrete mathematics and matrix algebra. The main rationale 

for the inclusion of these topics was their role in the understanding of mathematical 

models. However—as with the NRC initiative—no details that explain the relationship 

between these topics and the needs of biological sciences student in their future 

workplace were included.  

American Association for the Advancement of Science 

The last initiative reviewed was directed by the AAAS and was carried out in two 

stages. The first stage was a series of conversations in 2007-2008 comprised of over 180 

biological sciences faculty members and 231 undergraduates from different academic 

institutions around the nation (AAAS, 2009). The conversations were geared towards 

three main tasks: to define the main goals of the 21st-century undergraduate life science 

curriculum, to propose a curriculum suitable to attain these goals, and to suggest the best 

possible ways to implement it.  

The second stage was a national conference that gathered over 500 biologists, 

educators, administrators, and students with the purpose of building upon the 

conversations of the first stage in order to create a series of recommendations for a new 

curriculum for biological sciences. Both stages were summarized in a final report that 
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contained recommendations on a number of issues including the definition of biological 

literacy (Brewer & Smith, 2011. This literacy was delineated in a number of core concepts 

and competencies and included recommendations on the teaching practice and 

assessment.  

Six main competencies were identified, with the second and third of these 

competencies having a direct relation to the integration of mathematics and biology. The 

second competency expects biology students to develop the ability to solve biological 

problems using quantitative skills. However, a clear description of these basic quantitative 

skills was not provided. The third competency requires students to understand how 

mathematical and computational tools describe living systems. As in the previous 

competency, however, a description of some of the terms used was not provided. 

Interestingly, the final report also includes a summary of the perception of over 

200 undergraduate students who participated of the conference. It is the only initiative 

from the three reviewed in this dissertation that considered the direct view of students 

in the analysis of student needs.  

Students that participated of this initiative pointed out the need to narrow down 

introductory courses, de-emphasize memorization, and increase the connections across 

the curriculum. They also asked for more opportunities for developing quantitative skills 

but designed specifically for them.  

Regarding the mathematics course and content selection, the final report does 

not include specific recommendations; however, it underlines competencies of 



 

 

 26 

quantitative reasoning and mathematics modeling (p.14) as foundational to the 

increasingly interdisciplinary nature of the field. It is important to notice that these 

recommendations were not based on a systematic needs assessment of the biology 

students’ future workplace.  

Summary of Scientific Committees 

The initiatives previously mentioned acknowledge the critical role that 

mathematical competency will play in biological sciences during the coming years, a 

competency closely linked to mathematical models and statistical tools. The first two 

reports delineate new curricula designed to potentially fulfill the mathematical needs of 

biological sciences students; however, these reports are not clearly supported by studies 

showing the extent to which the student needs in their future careers will be met by this 

new curriculum.  

Although the AAAS initiative actually considered the voice of students at the time 

of investigating the current curriculum, it did not attempt to examine the perspective of 

graduates currently working in the variety of career paths. Such an approach would 

provide curriculum developers a better picture of what the needs of current students 

would be in the future. A number of single studies have focused on exploring these 

particular aspects of curriculum development. A brief review of these and other studies 

follows.  
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INDEPENDENT RESEARCH STUDIES 

Literature reviews in student needs assessment (NA) have previously been carried 

out (Moore & Dutton, 1978; Moseley & Heaney, 2008; Watkins, Leigh, Platt, & Kaufman, 

1998; Witkin, 1994), however, none of these reviews have particularly focused on 

biological sciences undergraduate education. To address this issue, an article search was 

conducted in different journals and databases of biological sciences, mathematics, and 

undergraduate education.  

This search aimed to find NA studies in the different areas of specialization of 

biological sciences, however, no studies in biological sciences were found in areas other 

than medical education. Since this dissertation is principally based on a student NA, the 

literature review was expanded to include other areas in which NA has extensively been 

used as a tool to study the relationship between content and student needs.  

The result of this expansion was the addition of the areas of engineering (Johnston 

& Jeffryes, 2014; Lethbridge, 2000; Surakka & Malmi, 2005) and language education 

(Cowling, 2007; Ferris, 1998) to the original literature review. A summary of the findings 

on medical education and these additional areas is provided as follows.  

Medical Education 

Needs assessment studies on medical education have been conducted in different 

areas, such as obstetrics (Curran et al., 2012), surgery (Birch & Mavis, 2006; Kasten et al., 

2009) and otolaryngology (Carr et al., 1999). 
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Goals 

All of these studies share similar goals, in the sense that they use NA as a way to 

improve curriculum. The NA study of Curran et al. was intended to identify areas of 

improvement in an annual residency program. Birch and Mavis’ NA study was intended 

to measure the learning needs of current students in surgery to contribute to the 

development of the undergraduate surgery curricula. The NA study of Carr et al. aimed to 

prioritize the learning needs of family doctors with respect to a list of topics in 

otolaryngology as a way to improve medical school curricula. 

Participants 

Each one of these studies reviewed selected a different set of participants. In the 

obstetrics education study, the participants chosen were 34 alumni graduated from the 

last ten years prior to the study’s publication. The surgery education study considered a 

larger sample, including two different stakeholder groups:  the first was comprised of 120 

recent medical school recent graduates, and the second was comprised of 55 surgeon 

educators. Lastly, the participants of the otolaryngology study were two groups of 

practitioners: the first group was comprised of 69 otolaryngologists and the second of 54 

family doctors. 

Methodology 

In all of these studies, the learning needs of students were defined as the gap 

between current and optimal competency. The surgery education study, however, added 
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a distinction between what it is called true learning needs and perceived. The true 

learning needs were those identified by the stakeholder groups of surgeons—under the 

assumption that surgeons were able to recall their undergraduate education effectively, 

and also were proficient in basic surgical knowledge and skills for general medical 

practice. On the other hand, the perceived learning needs were those identified by the 

stakeholder groups of recently graduated medical students. 

The main instrument used to measure students’ learning needs in all of the studies 

in medical education reviewed was a survey. The survey was properly piloted with the aid 

of a selected group of experts, either practitioners or educators. The items of the survey 

used a 5-point Likert scale to measure participants’ views regarding a number of selected 

competencies from each medical area. The design of these instruments—as further 

explained—would serve as the basis for the design of the instruments used in this 

dissertation. 

The items included in the surveys were created based on previous surveys, lists of 

general competencies established by medical associations, literature reviews or 

textbooks. For instance, the items in the obstetrics study were based on a list of general 

competencies from the Accreditation Council for Graduate Medical Education; and the 

surgery education study’s items were based on guidelines from the committee for 

undergraduate surgical education and the Association for Surgical Education.  
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Results 

Each one of the needs assessment studies in medical education used the results 

of the surveys as a way to reflect on curriculum development. The content selection was 

revised in terms of practitioners’ competencies. The study in obstetrics recommended 

improvement in three areas in their curriculum in which students seem to be lacking in 

preparation for practice. The study in surgery identified a number of learning needs in 

skills and principles of basic surgery that influenced the program structure. Lastly, the 

otolaryngology study’s results showed needs of different areas of general medical 

practice related to otolaryngology. 

In both of these studies previously reported, the influence of identified needs on 

content selection was not explicitly mentioned. However, in the otolaryngology study, 

two lists of topics were generated from the identified learning needs; these list of topics 

were considered a direct proposal for an addition to the content selection of the 

curriculum.  

Studies on needs assessment in the engineering area show some similarities in 

terms of purpose, methodology, and definition of needs; some of these studies are 

summarized as follows.  

Engineering Education 

Studies on learning needs of students in engineering were found in the specific 

areas of computer science (Lethbridge, 2000; Surakka & Malmi, 2005). The only study 
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found in engineering education as a whole was the study of Armstrong and Craft (1999). 

Student needs have also been indirectly investigated through competency-based 

education (Crawley, Malmqvist, Östlund, & Brodeur, 2007);  such an approach is, 

however, out of the scope of this dissertation.   

Goals 

As in medical education, the general purpose of the NA studies in engineering 

education was to identify learning gaps as a way to improve curriculum. Surakka and 

Malmi aimed to improve the computer science and engineering curriculum by contrasting 

the content selection with learning needs; Lethbridge attempted to identify the most 

relevant educational topics to software engineers; and, Armstrong and Croft studied the 

mathematical needs of engineering students in their first year of engineering. 

Participants 

The studies reviewed in engineering education all use very different sources of 

data. Surakka and Malmi did not collect data directly from individuals, but attempted 

instead to characterize students’ future workplace by analyzing four different materials: 

course catalogs, employment reports from internships, master theses, and job 

advertisements from a newspaper.  

Lethbridge’s study included a wide variety of participants, collecting data from 186 

individuals from 24 different countries. The majority of these participants were computer 

science and software engineering graduates, but the sample also included graduates from 
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other areas in science, and individuals with only high school education. Finally, Armstrong 

and Croft’s study was comprised of three cross-sectional surveys of over 500 engineering 

new students. 

Methodology 

The research methodologies used in these studies were as diverse as the selection 

of participants. Surakka and Malmi based their NA study on content analysis (Cohen, 

Manion, & Morrison, 2013, p. 563). Such analysis was carried out using specific rubrics for 

the different materials considered. For instance, in analyzing the course catalog, Surakka 

and Malmi used the number of hours of courses associated with specific subjects—such 

as programming or mathematics—as a way to measure their relevance in the curriculum.  

By contrast, when analyzing master theses, the rubric consisted of searching for 

specific subjects in the abstracts or the table of contents. In the case of searching for the 

mathematics subject, the rubric indicated was to browse the thesis for mathematical 

equations. After the search, subjects were classified into three levels of relevance: 

unnecessary, needed occasionally, or important for the thesis. 

Lethbridge’s methodology was similar to the NA studies in medical education. The 

data were collected through a 5-point Likert scale survey that included 75 topics selected 

based on particular competencies. The selection of the competencies was based on the 

curricula and the software engineering body of knowledge developed by the IEEE. As in 

the case of medical education studies, each item was framed by questions based on a 
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concept of learning needs as a gap between optimal and current competency; however, 

they presented a slight modification, as they incorporated the learning that occurs in the 

workplace.  

There were four questions for each item (p.45): (1) How much did you learn about 

this topic in college? (2) What is your current knowledge considering work experience? 

(3) How useful have the details of this specific material been to your career? And (4) how 

much influence has learning the material had on your thinking? The difference between 

the first two questions was understood as what the participant learned on the job or 

forgotten since education. The sum of the last two questions, on the other hand, was 

understood as the overall relevance of the topic.  

Finally, Armstrong and Craft’s student survey was based on a list of basic 

mathematics topics selected from the engineering mathematics curriculum. Their 

methodology can be considered as a self-reported initial diagnostic. There were 40 topics 

organized by the areas of numbers, algebra, calculus and graphs and functions. Students 

were asked to rate each one of these topics on a scale of three, deciding between the 

following options: (1) You are confident that you understand and can apply the 

mathematics, (2) you are fairly confident but you need some help, and (3) you are not 

confident and may need considerable help.  

Their concept of learning needs, therefore, is different than the one used in all the 

previous studies mentioned in this literature review. The authors defined these needs as 

the lack of confidence of first-year undergraduate engineering in the most relevant 
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mathematical topics from the current content selection. The main assumption, in this 

case, was that each topic from the content selection was relevant to the future workplace 

of engineering students.  

Results 

From the data analysis, Surakka and Malmi came to the conclusion that certain 

topics currently part of the content selection were not as relevant to students’ future 

workplace as thought. These topics included theoretical computer science, mathematics, 

and physics. Since mathematics was considered at least moderately important, the 

authors avoided making recommendations about the necessity of mathematics in the 

curriculum. They suggested instead further research to identify the type of mathematics 

needed for both computer sciences and engineering students. 

Not as closely related to the direct study of students’ future workplace, Lethbridge 

conducted a study of NA in order to identify the most relevant educational topics to 

software engineers. The four questions proposed by Lethbridge to explore student needs 

led him to identify a number of topics considered well-learned but of little relevance. 

Some of these topics involved general areas such as philosophy, physics, economics, and 

mathematics.  

In mathematics in particular, out of a list of 75 topics, the following topics were 

part of the 25 least important: numerical problems, linear algebra, graph theory, Laplace 
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and Fourier transformation, differential and integral calculus, combinatorics, and 

differential equations.  

Linear algebra and calculus were perhaps the topics with the biggest gaps 

between perceptions of how well a topic was learned and how relevant it was perceived 

in the current workplace. On the one hand, the average score for both was similar to the 

topic of programming languages—above 3 points; on the other hand, the average score 

for both of them indicated that the topics were occasionally useful, in comparison to 

programming languages, which was considered moderately to very useful.  

Although the magnitude of these differences is not large, it provides a useful map 

to know how student needs are related to the content selection. Further details on the 

distribution of needs depending on the background of the participants, unfortunately, are 

not provided. It would be interesting to know for example how the needs for the 

mathematics topics were distributed across several dimensions including professions, 

majors, and years of experience.  

Armstrong and Craft’s results revealed a number of topics in which students did 

not feel confident and required help in order to start their mathematical training.  The list 

of these topics includes, properties of logarithms, higher derivatives, and integration by 

parts and by substitution. Although the percentage of students who reported a lack of 

confidence was not considerably high—about 5 percent—the authors recommended that 

the entrance requirements should be revised, and that the mathematical courses should 

be adapted to the profile of the freshman students.  
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Language Education 

Although language education is generally unrelated to mathematics education, it 

is the area in which student NA has been most extensively used to study curriculum. There 

are many reviews available in the literature (Fatihi, 2003; Greenberg, 2012). Since its use 

has been so extensive, there are several approaches to study student needs. Songhori 

(2008) identifies at least eight different approaches, including present situation analysis, 

pedagogic need analysis, deficiency analysis, and learning needs analysis. These 

approaches vary in terms of purpose, context, and procedures.  

In the present literature review, only a couple of studies were selected as 

examples of NA that prioritize the relationship between student needs and curriculum 

content. The first study focuses on language education and its connections to the 

students’ current workplace (Cowling, 2007); the second study, on the other hand, 

focuses on the perception of students and instructors of ESL course requirements (Ferris, 

1998). A brief review of both studies with an emphasis on its relationship to content 

selection follows. 

Goals 

Cowling (2007) and Ferris’ (1998) studies aim to very different purposes. On the 

one hand, Cowling’s NA is intended to provide feedback for the development of an ESL 

course at a Japanese company; Ferris’ NA main purpose was, on the other hand, to 
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characterize the perception of students regarding instructors’ listening and speaking 

requirements and the perceived relevance of seven aural and oral skills or tasks.  

Participants 

Cowling primarily includes four stakeholder groups: (1) those responsible for 

language training contracts at the company, (2) the instructors, (3) the learners—in this 

case, a group of 60 employees in their firsts three years at work with little experience in 

spoken English, and (4) senior employees. It is worth noting that the instructors in 

Cowling’s study were not considered experts, due to the context in which needs were 

defined.  

Conversely, Ferris focused on only one stakeholder group. This group, however, 

was larger in terms of participants, involving the collaboration of 768 ESL students 

enrolled in three different higher education institutions from California.  

Methodology 

The methodology used by Cowling to conduct the NA was the multiple sources 

and methods methodology (Long, 2005). The information collected from those 

responsible for language training contracts and the company staff was gathered through 

notes taken from informal meetings. The perceptions of the group of instructors were 

collected through semi-structured interviews. The student perceptions were examined 

using an open-ended questionnaire completed with the assistance of the instructors.  
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The questions included in this instrument were intended to characterize the 

working lives of the students, and identify their needs. Senior employees’ perceptions 

were also examined, using an open-ended structured questionnaire; however, instead of 

being assisted by instructors, participants were contacted by the students who explained 

to them the purpose of the questionnaire. 

The design of the survey used by Ferris to examine student needs was guided by 

the following two research questions (p.293): (1) what are ESL students’ perceptions of 

the aural/oral skills requirements in their subject-matter courses, of their own difficulties 

in meeting these expectations, and of the relative importance of specific aural/oral tasks 

and skills in their academic settings?, and (2) what similarities and differences can be 

observed in the perceptions of subject-matter instructors and of ESL students? 

The survey was divided into five sections. The first and second sections were 

intended to register student demographics and basic information about the language 

class the student were taking in order to identify possible biases. The remaining sections 

were intended to address the first research question previously mentioned, asking 

students to rate different skills and tasks. These tasks and skills were selected to represent 

typical textbooks and English for academic purposes courses.  

Results 

Cowling summarized the results of the study as a set of recommendations for the 

design of the course syllabus, and the presentation of the syllabus itself. This syllabus is 
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based on the student needs as perceived by all the stakeholder groups. The author, 

however, did not include details on how the responses of different stakeholder groups 

were compared.  

Ferris, on the other hand, identified a number of general skills or tasks that 

students recognized as relevant for their professional success—note-taking, asking 

questions in class, and attending to office hours. In the survey, students also 

acknowledged the relevance of general listening comprehension beyond formal lectures 

for their success in academic settings. Based on these identified needs Ferris proposed a 

number of recommendations for curriculum development. These recommendations, 

however, are not as related to the content selection as to pedagogical aspects of the 

class—such as class management and teaching style. 

Ferris acknowledges a couple of important limitations of these results that are 

worth noting here. First, due to the broad goals of the study, the skills identified were also 

too general, leaving for further research specific details about these skills. Second, the 

high variation among the different participants made it very difficult to draw practical 

implications for curriculum development. The author concludes that controlling the 

variation in student needs across academic contexts is critical before planning any NA.  
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CHAPTER 3. METHODOLOGY 

Introduction 

The main concern of this dissertation is the mathematical needs that biological 

sciences students will have in their future workplace and their relationship to the current 

curriculum. Since future needs cannot be directly examined, this problem was addressed 

through the perspective of a number of agents related to these needs. In particular, two 

main research questions guided this study.  

1) What are the mathematical needs of biological sciences undergraduate students 

in their future workplace as perceived by certain stakeholder groups? 

2) Are these needs perceived by the stakeholders aligned with the curriculum?  

The field of biological sciences was investigated considering the subfields of 

ecology, evolution and behavior (EEB) and developmental biology (DB) as a way to 

investigate two opposites extremes in the use of mathematics. The stakeholders 

considered in this study were graduate students, biological sciences instructors, and 

postdoctoral fellows from the areas of EEB and DB.  

Research approach 

A mixed-methods design was chosen to investigate the student needs. The 

rationale for this choice mainly responded to the following three general purposes for this 

approach, identified by Greene et al. (1989): triangulation, complementarity, and 

expansion.  
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First, since the scope of this dissertation did not allow a large sample size, the 

results’ triangulation served to improve validity and reliability of the instruments used. 

Second, a mixed-methods approach served the purpose of complementarity; clarifying 

results from one method with the other. For instance, when the survey analysis showed 

statistical differences between two stakeholder groups regarding the relevance of a 

specific mathematical topic such as differential equations, the interviews helped to 

understand these differences.  

Lastly, the mixed-methods design served for the purpose of expansion, as it 

helped to explore variables that were not considered from the very beginning of the 

study. For example, when participants were asked to rate a number of mathematical 

topics according to their relevance in their workplace, interviews allowed participants to 

add details about the topics or mathematical needs they felt they could not see reflected 

in the choices available in the survey. 

The design of the mixed methods approach corresponded to a sequential design 

of three phases (Ary, Jacobs, Razavieh, & Sorensen, 2009); each one of these phases is 

described as follows.  

PHASE I 

The first phase, a qualitative approach, consisted of a summative content analysis 

(Hsieh & Shannon, 2005). The materials used in this analysis were scientific articles 

published between 2000 and 2010 in prestigious journals in each of the biological sciences 
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areas considered in the study. The relevancy of the journals was measured under the 

SCImago Journal Rank (SJR) citation metric and the h-index citation metric (Jones, 

Huggett, & Kamalski, 2011).  

The journals were also selected based on coverage, article format and access.  

First, coverage was measured by the journal aims as stated in their general overview, so 

that journals focused on a more specific niche within their field were less preferred. Next, 

with respect to the articles’ format, journals that consistently favored experimental 

reports—rather than literature reviews—were preferred. Finally, journals that have a 

comprehensive search engine available and to which the author of this dissertation had 

access were preferred.  

Articles from the selected journals were purposefully chosen by relevancy to the 

field and use of math. The articles’ relevancy was measured by the number of citations as 

reported in the Web of ScienceTM database (Reuters, 2012). The use of math, on the other 

hand, was identified by a list of mathematical keywords using the journal’s search engine.  

The list of keywords used to find mathematics references was initially built using 

textbooks of each science area involved—mathematics, statistics, theoretical biology, EEB 

and DB. This list was also consulted and refined with professors from the mathematics, 

statistics and biological sciences’ departments. Once the keyword list was piloted, the 

journal search engine was used to find articles that mentioned one or more of these 

keywords. Finally, a sample of the ten most cited articles published by each journal was 

selected for year 2000, 2005 and 2010. The article samples were, in this way, expected to 
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represent the most influential articles that use mathematical or statistical tools from 2000 

to 2010.  

After the article selection was carried out, the content analysis methodology 

roughly followed Neuendorf’s typical process of content analysis research (Neuendorf, 

2002, pp. 50–51),  including definition of variables, units of data, codebook, sampling, 

training, coding, and reliability analysis. First, three main variables were defined: biology 

area, math area, and specific purpose.   

These variables were intended to capture the biological sciences’ mathematical 

needs as being reflected in scientific journals. The first was defined by the journal, the 

second variable categorized the type of math tool used, and the last variable captured the 

specific purpose of using that tool.  

Second, the units of data collected to measure these variables were references in 

each article to mathematical or statistical tools used. Each reference and its immediate 

context was a unit of data. Third, since the number of units of data for each article was 

relatively manageable, a census of all the content was carried out. Finally, intercoder 

reliability was estimated using a small sample of units analyzed by a second coder with 

graduate statistics and mathematics background.  

In addition to the purpose of triangulation, the content analysis provided the 

author of this dissertation with a better understanding of the problematic of each sub-

discipline of biological sciences. This understanding proved to be helpful at the time of 
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having a better rapport with the participants in the interviews conducted in the last phase 

of the study. 

PHASE II 

The second phase, a quantitative approach, consisted of a cross-sectional survey 

research (Ary et al., 2009) designed to capture the perceptions of the stakeholder groups 

regarding student needs. Due to the scope of the dissertation the samples of participants 

of each stakeholder group were non-probability purposive samples selected according to 

participants’ availability. The data were collected through an internet-based survey, 

designed with Qualtrics©, a popular commercial software that facilitates online survey 

design and distribution. 

PHASE III 

Lastly, the third phase, a qualitative approach, consisted of semi-structured 

interviews designed for each of the stakeholder groups. The interviews on the one hand, 

focused on eliciting the perceptions of the participants regarding general needs of the 

students as a way to triangulate the results from the surveys. Additionally, the sequential 

design of the study allowed incorporation of a preliminary analysis of the data collected 

in the first phase into the interview design.  

This preliminary analysis was focused on finding patterns of interest that needed 

further explanation. For instance, after discrepancies between stakeholder groups 

regarding a number of mathematical topics were found, participants’ interviews provided 



 

 

 45 

a deeper understanding of the issue. Thus, the adjustment of the interview design based 

on the surveys proved to be helpful at the time of understanding surveys in depth, and 

expanding the results in search of undetected mathematical needs.  

Participants 

The stakeholder groups were three: graduate students, biological sciences 

instructors, and postdoctoral fellows from the areas of EEB and DB. The rationale for the 

choice of these groups of stakeholders responded to the theoretical framework used, 

their connection to the student needs at their future workplace, and the scope of this 

dissertation.  

According to recent national surveys the population size of each stakeholder 

group considerably varied: there were over 84,700 students enrolled a post-degree 

certificate in biological sciences in 2013 (Allum, Jeffrey R. & Okahana, 2015, p. 33); over 

36,940 colleges, universities, and professional schools’ instructors in the area of biological 

sciences in 2015 (Bureau of Labor Statistics, 2015); and at least 19,500 postdoctoral 

appointees in 2014 (NSF, 2014). 

Instrumentation 

Three types of instruments were used to collect data: a codebook for the content 

analysis, a cross-sectional internet-based survey, and a semi-structured interview. The 

surveys and the interviews were adapted to address each one of the stakeholder groups.  
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Although copies of each instrument can be found in the appendices A to C, a succinct 

description of each instrument follows.  

CONTENT ANALYSIS CODEBOOK 

The codebook was initially drafted using the NRC and MAA’s proposed curriculum 

as a guideline to the main mathematical and statistical categories. This draft was piloted 

with ten articles and negotiated with UT faculty members of the mathematics and biology 

departments.  After all the references for all the articles analyzed were coded, a second 

round of coding was conducted to ensure categories’ consistency and reduce the number 

of codes.  

SURVEYS 

In order to capture the mathematical needs of biological sciences students, one 

questionnaire was designed and used for all the stakeholder groups. This questionnaire 

was comprised of two sections: mathematical needs and background information.  

Student needs 

The use of survey questionnaires to investigate participants’ beliefs, opinions, or 

perceptions is fairly common in the educational literature (Ary et al., 2009, p. 372). In 

student NA studies, in particular, it is the most extensively used (Moseley & Heaney, 2008; 

Watkins et al., 1998; Witkin, 1994). Most surveys, in these studies, consist of a selected 

list of skills or knowledge that participants are required to rate. The types of questions 



 

 

 47 

included in these surveys vary among studies; most of them, however, attempt to capture 

the difference between a current and an ideal condition.  

For instance, in Lethbridge’s (2000) study—described in the previous chapter—

asked engineers for the extent to which they perceived they learned a list of topics in 

college. Their responses then were contrasted with the extent to which these engineers 

found these same topics useful in their career. This contrast was used as a way to identify 

engineers’ learning needs as a way to improve the software engineering curriculum. The 

extent to which a topic was learned was the current condition, and the extent to which 

the topic should have been learned was the ideal condition; their difference was defined 

as the learning need.  

Following the NA studies’ trend, participants in this study were asked to rate a 

selected list of mathematical topics. This list of topics was a combination of the content 

selection included in the biology curriculum proposal by the NRC (2003), the MAA (2004).  

The questions formulated about these topics were based on the following two 

variables: usefulness and familiarity. For the former variable, participants were asked for 

the extent to which they perceived a particular topic was relevant to their career; for the 

latter, they were asked for the extent to which they perceived they knew about a 

particular topic. The choice of type of scale used in these items followed the 

recommendations from Weijters, Cabooter and Schillewaert (2010)—for studies focused 

on well-educated populations—and Preston and Colman (2000). Therefore, the items 

were designed using a 5-point Likert type format, fully labeled, for both variables.  
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It must be noted that the question about familiarity and usefulness did not 

address the task-dependency of the needs, as they were defined at the beginning of the 

dissertation. Although the information about participants’ research area can be 

associated with a general set of tasks, this is still a too broad association. As a way to 

address this issue, an additional question was added after the usefulness questions. In 

this question, participants were asked to provide information about the tasks associated 

with the most relevant topics they identified.  

Background information 

The purpose of the background information section was to identify the 

stakeholder group, and possible sources of differences in students’ perceptions of what 

constitutes a mathematical need. The existence of these differences was expected, 

considering—as stated in the introduction—that the relationship between mathematics 

and biological sciences has taken different routes for some areas in biological sciences.  

Bearing in mind this assumption, the most relevant data collected in this section 

were the biological sciences area and stakeholder group. Other questions, such as years 

of experience, were all oriented to identify and control other potential biases in 

participant responses.  
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INTERVIEWS 

As previously mentioned, the qualitative approach in this study contributed to 

triangulate, complement, and expand the results from the surveys. The interviews, in 

particular, proved to be very helpful to these purposes 

The semi-structured interview was comprised of four main sections: background 

information, use of statistics, use of mathematics other than statistics, and academic 

preparation. In contrast to the surveys, the questions from the first two sections focused 

on the tasks for which participants perceived mathematics was relevant. The open format 

of the interview provided participants with a chance to elaborate on their responses, and 

captured mathematical needs that the survey had not previously captured. 

In the last section, participants were prompted to talk about the relationship 

between their acquired mathematical competencies and their undergraduate education. 

This section was of special value at the time of studying the alignment between the 

identified needs and the curriculum, since it detected learning outside of college.  

Data collection 

Due to the scope of this study, the recruitment of participants for the survey and 

interview was conducted through a purposive sample.  The main channels used to send 

these invitations were listservs and scientific associations members’ public directories.  

Participants from the area of EEB were mainly recruited by invitations sent 

through two popular listservs of the area: ecology (“Ecolog-L,” n.d.) and Evoldir (“Evoldir,” 
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n.d.). On the other hand, participants from the area of developmental biology were 

recruited through posting an invitation on the developmental biologists’ community 

website “The Node” (“The Node,” n.d.). Additionally, email invitations were sent 

individually to all the members of the public directory of developmental biologists from 

the society for developmental biology asking to participate and redistribute the survey 

among colleagues.  

The email invitations included a small incentive of a drawing for some gift cards 

and an offer to share the results of the study with the participants at the end of the study. 

The recruitment of participants for the interview was conducted through email invitation 

of selected participants who volunteered their email in the survey. The selection of these 

participants was intended to find participants who represented the survey sample.  

Methods for data analysis 

The data collected through the content analysis were mainly analyzed through 

descriptive statistical analysis (Cohen et al., 2013). Cross tabulations were used to explore 

the relationship between stakeholder groups, and the different areas of biological 

sciences with respect to each mathematical topic surveyed.  

Results of the survey analysis were first displayed as diverging stacked bar charts 

to preliminary visualize the data (Robbins & Heiberger, 2011); then, followed by a 

multivariate analysis of variance to test for differences between stakeholders and areas. 
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When differences were found, univariate analyses of variance were carried out to 

investigate these differences.  

The data collected through the interviews were analyzed using the three-stage 

cyclic process described by Ary et al. (2009): (1) organizing and familiarizing, (2) coding 

and reducing, and (3) interpreting and representing.  
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CHAPTER 4. RESULTS 

Introduction 

The results are presented as developed chronologically in the three phases of the 

study: content analysis, cross-sectional surveys, and interviews.  Results from the content 

analysis are mainly qualitative, since the sample size was not large enough to ensure 

statistical significance. The number of participants in the survey on the other allowed 

descriptive and inferential statistical analyses to be conducted. Results from the 

qualitative analysis of the interviews will be discussed at the end of this chapter.  

Content Analysis 

The collection of units of data was comprised of three stages: selection of journals, 

articles within the journals, and references within articles. First, the selection of journals 

was based on relevance within the field, field coverage, and access.  Journals’ relevance 

was measured by the SCImago Journal Rank (SJR) index (Jones et al., 2011), as published 

by the beginning of the fall semester of 2015.  

JOURNAL SELECTION 

The final selection of journals and its relevance in their fields can be seen in Table 

4-1. 
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Table 4-1. Relevance of selected journals within their fields 

Title Area Rank SJR 

Ecology Letters (ELJ) Evolution 4 7.556 
Molecular Biology and Evolution (MBEJ) Ecology 3 7.564 
Animal Behaviour (ABJ) Behaviour 58 1.547 
Developmental Biology (DBJ) Developmental Biology 13 2.122 

 

Higher ranked journals in the areas of developmental biology and animal behavior 

were not selected since they either have a narrower coverage of the field, did not prefer 

experimental report formats, or were simply inaccessible to the author, at the time the 

data collection was carried out.  

ARTICLE SELECTION 

In order to find articles within each journal that explicitly mentioned the use of 

mathematics tools, a list of keywords previously piloted was used in the journal database 

search engine. The years of publication considered in this search were the years 2000, 

2005 and 2010—chosen as a way to sample a decade of publications.  

The list of the articles found with the previous search was then contrasted with 

the number of citations reported by the Web of ScienceTM (Reuters, 2012). Ten articles 

with the highest number of citations from this list were selected for each year—2000, 

2005, and 2010—and for each journal; so that a total of 120 articles were used in the 

content analysis. The format of the articles was mainly reports of experimental studies. 

The relevance of the articles selected within each journal and by year, as measured by the 

number of times they have been cited for the respective year, is presented in Table 4-2. 
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Table 4-2. Average number of citations of selected articles for the content analysis 

Journal 2000  2005  2010 

 Mean SD  Mean SD  Mean SD 

ELJ 185 170  302 235  66 33 

MBEJ 143 286  564 301  216 209 

ABJ 65 26  89 58  39 18 

DBJ 474 302  58 62  28 17 

 

As measured by the standard deviation, the distribution of the number of citations 

was, in general, considerably spread. For instance, in 2000, a very influential article from 

the MBEJ was cited over 2,400 times; the same year, another article from the same 

journal was cited only 59 times.  

In spite of the spread distribution of the number of citations, since the majority of 

the articles from the sample were cited at least 50 times the sample was considered fairly 

representative of relevant publications in each field. 

OVERALL RESULTS 

After completing the article selection, each article was examined, looking for 

references to the use of mathematics tools. This process was considerably time-

consuming due to the number of articles and the technical nature of each. From all the 

articles analyzed a total of 742 references to mathematical tools were found. Figure 4-1 

illustrates the distribution of these references by journal and by year. 
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Figure 4-1. Number of references to mathematics or statistics tools from the sample by 

journal by year

 

 Each one of these references was entered into a database where they were coded 

under the categories of mathematics area, statistics area, and main use. After the content 

analysis was piloted, each one of these categories was further refined in order to identify 

relevant subcategories.  

A total of eight subcategories were used. The first two were intended to classify 

the mathematics and statistical tools used in the classification of topics from the 

curriculum. Each one of them was divided again into another two subcategories. For 

instance, when the use of a chi-square test was mentioned in an article, the reference 
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was classified under the category of statistics, and under three subcategories: inferential 

statistics, hypotheses testing, and then the chi-square test subcategory.  

Each reference was also coded for specific use of mathematics tools as reported 

in the article. For instance, in the previous example of the chi-square test, its main use 

was described as to ensure that two categorical variable distributions were significantly 

different, the reference was then initially coded as variable comparison. After the pilot 

coding was conducted and all the articles were analyzed, a second round of coding was 

carried out to reduce the number of these codes and also ensure the categories assigned 

were consistent.  

MATHEMATICS AND STATISTICS AREAS CLASSIFICATION 

The overall results of the categorization of references by mathematics or statistics 

areas are presented in  Figure 4-2.  
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Figure 4-2. Distribution of references by area 

 

As can be seen, the majority of the articles mention the use of inferential statistics; 

more than a third of them mention the use of probability, relational statistics, stochastic 

processes, and calculus. On the other hand, fewer than three papers mention the use of 

tools from the area of dynamical systems.  

In addition to these subcategories, references from 11 articles were classified as 

from the area of mathematical models. There were also references to other areas that 

were mentioned in only one article each. The list of these areas includes linear 

programming, numerical analysis, and stochastic geometry.  

Regarding the classification of references, it is worth noting a couple of issues. 

First, the classification of references by area was by no means mutually exclusive. As can 
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be seen, most articles have references that belong to more than one category.  Second, 

15 of the articles analyzed mentioned little or no use of math and were coded separately 

as such.  

Most of these articles focused on qualitative methods of data analysis, others 

were theoretical observations of specific processes in the field, and a few made 

references to other articles where a particular theory was demonstrated mathematically. 

The majority of the articles that did not mention the use of mathematics tools were from 

the developmental biology journal; only two of them were articles from EEB journals. 

MATHEMATIC AND STATISTICS AREAS CLASSIFICATION BY JOURNALS 

The differences between the distribution of references by journal and by 

mathematics and statistics area are presented in Figure 4-3 and Figure 4-4. 
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Figure 4-3. Distribution of articles by the statistics area of the references and by journal 

 

Figure 4-4. Distribution of articles by the mathematics area of the references and by 

journal 
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Since a sample size of 30 articles for each journal is fairly small, these results need 

to be complemented with the analysis of the rest of the instruments used in the study. 

There are however a few interesting tendencies worth noting. First, regardless the journal 

sample, the areas to which most articles make reference are probability, descriptive and 

inferential statistics, and precalculus.  

Second, in general, there seems to be a tendency in articles from all journals to 

make less reference to math areas that might correspond to upper levels of the biological 

sciences undergraduate curriculum including stochastic processes, discrete models, 

Bayesian statistics, differential equations, dynamic systems, and discrete models. The 

only exception to this tendency is with the MBEJ articles that make even more reference 

to stochastic processes than descriptive statistics.  

Third, DBJ articles overall make noticeably less reference to the use of both 

mathematics and statistics tools than the rest. For instance, there is only one reference 

to the use of relational statistics, as opposed to all the other journals where there are at 

least ten of such references; and only one article makes direct reference to the use of 

calculus, as opposed to all the other journals where at least 11 of these articles make this 

reference. This tendency was also reflected in the reference distribution as shown in 

Figure 4-1. 

Last, there are few areas to which no articles make reference in some journals. For 

instance, ELJ articles and the area of linear algebra, MEBJ and ABJ and the areas of 

differential equations, dynamic systems, and discrete models. All of these results seem to 
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indicate certain patterns in the use of math by each area, the analysis of these patterns 

will be complemented with the survey and interviews results and are discussed in the last 

chapter.  

MATHEMATICS AND STATISTICS AREAS CLASSIFICATION BY SUBCATEGORIES BY JOURNALS 

The previous results are based on broad areas of each field; a more refined 

analysis was conducted using the subcategories considered in the coding phase. Main 

results for the areas of statistics and mathematics are presented in Table 4-3,  

 

Table 4-4, and Table 4-5. The results in these tables correspond to the number of 

articles that make reference to each subcategory indicated.  

Table 4-3. Distribution of references by subcategories in statistics by journal 

Statistics Area ELJ MBEJ ABJ DBJ 

Descriptive stat       
Summary statistics 9 9 12 6 

Inferential stat       
Hypothesis Testing 10 10 23 9 
Resampling methods 3 13 4 2 
Confidence interval 4  4  
Post-hoc tests 1  4 3 

Relational statistics       
Regression and correlation 15 10 17 1 

Probability        
Probability distributions 11 17 8 3 
Likelihood function 3 14  5 
Conditional probability 2  1  

Stochastic processes 
Markov process/MCMC 2 18 1 2 

 



 

 

 62 

 

Table 4-4. Distribution of references by subcategories in mathematics by journal 

Mathematics area ELJ MBEJ ABJ DBJ 

Precalculus       
Proportions 4 4 5 6 
Inequalities and equations 2 2 3 1 
Elementary functions 4  2  

Calculus         
Exp/log function 16 10 9  
Integral and derivatives 1 5  1 
Multidimensional calculus 3 2 1  
Limits and continuity 1 1 2  

Linear Algebra       
Scalars, vectors, matrices 7 5 2 
Eigenvalues and eigenvectors 1 2  

 

Two considerations need to be made regarding these results. First, subcategories 

that were mentioned by fewer than three articles from all the journals were not included; 

and second, the results from Table 4-3 and  

 

Table 4-4 does not include implicit references. For instance, although elementary 

functions—linear, power, or rational functions—underlie linear regression, a reference in 

an article to the use of linear regression was not automatically considered a reference to 

elementary functions, unless explicitly mentioned.  

As shown in Table 4-3, some of the most popular statistics subcategories to which 

articles make references are summary statistics, hypothesis testing, regression and 

correlation, and probability distribution. In the case of MBEJ, notoriously, a high 
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frequency of references was identified with the subcategories of resampling methods and 

the likelihood function, which are all part of more advanced statistics areas. This tendency 

in MBEJ is consistent with the results shown in Figure 4-3. 

It is also worth noting the high number of references to hypothesis testing in the 

ABJ. This number of references accounts for more than 75% of all the articles reviewed in 

this journal, as opposed to the 30% of articles that mention it in each of the other journals. 

Regarding the mathematics categories, as can be seen in Table 4-4, the highest 

number of references were made to proportions, exponential and logarithmic functions, 

and scalars, vectors and matrices. However, the subcategory of exponential and 

logarithmic functions was not explicitly mentioned in DBJ. 

Table 4-3 and Table 4-4 presented results for the areas to which a large number 

of articles made mention in all the journals. Some of the main results for other areas 

frequently mentioned but only in MBEJ and ABJ are presented separately in Table 4-5. 
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Table 4-5. Distribution of references by subcategories in advanced statistics area by 

journal 

Statistics area ABJ MBEJ 

Bayesian stat   
Prior and posterior distribution 5 
General reference 3 
Bayesian local clock analysis 1 
Harmonic means estimator 1 
Highest posterior density 1 

Multivariate stat 
Cluster analysis 2 4 
Principal component analysis 4 2 
Dirichlet distribution 2 
Multivariate normal prior 1 
Wishart distribution 1 
Discriminant function analyses 1  

Stochastic processes   
Markov process 1 20 

 

 As shown in Table 4-5, the majority of the references to Bayesian statistics are 

related to general concepts of prior and posterior distribution. References to multivariate 

statistics, on the other hand, are all related to data analysis methods such as cluster, 

principal component, and discriminant function analyses.  

Last, references to the area of stochastic processes are mainly related to Markov 

processes—including the Markov Chain Montecarlo Method. Plausible explanations for 

these tendencies will be discussed in the discussion chapter. 
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TASKS CATEGORY BY JOURNALS 

Previous results do not consider the specific context in which each mathematics 

or statistics area is applied. Since student needs were defined in terms of workplace tasks, 

each one of the references to the use of mathematics in the articles was coded for their 

specific application. For instance, if an article mentioned the use matrices in order to 

model a particular process, this reference was coded once as a modeling task, and once 

as a data representation task.  

Four main categories of tasks were found: modeling, data management, estimate 

assessment, theory test, and calculations. The first category included both mathematical 

and statistical models. The second category included the use of mathematics or statistical 

tools to organize, characterize and transform data. The third category referred to the 

evaluation of statistical estimates. The fourth category of theory tests referred , in 

general,to the use of tools to validate theories proposed in studies using data collected in 

randomized experiments.  

Last, the category of calculations refers to the use of mathematics or statistical 

tools with the purpose of using other mathematics or statistical tools. For instance, 

references to the use of integrals as part of an inferential statistics method were coded 

as calculations, in the sense that they were not directly applied but served as part of 

another tool. The overall results for each journal are presented in Figure 4-5. 
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Figure 4-5. Distribution of references by application by journal 

 

 As can be seen, there are considerable differences in how the mathematics or 

statistics tools are applied in each journal.  Since these categories were too broad, a more 

detailed analysis was carried out as each one of these codes were refined into 

subcategories.  

Table 4-6 shows the main subcategories of references to mathematics or statistics 

tools used to model natural processes, excluding subcategories with fewer than two 

articles per reference. 

  



 

 

 67 

Table 4-6. Distribution of references in the modeling task subcategory 

Modeling task subcategories ELJ MBEJ ABJ DBJ 

Precalculus     

Elementary functions 3  2  
Inequalities and equations 2 1 3 1 

Calculus     

Exp/log function 10 4 3  
Probability     

Probability distributions 10 14 5 3 
Likelihood function 3 13  4 

Stochastic processes     

Markov process  16  2 
Relational statistics     

Regression and correlation 10 5 6  

 

As can be seen, the number of topics in which articles that made reference to 

modeling is , in general,very small, given the number of topics that each area entails in 

the undergraduate curriculum. 

The task category of data management was mainly distributed in the areas of the 

lower levels of mathematics courses in the curriculum. The main applications for each one 

of these areas are shown in Table 4-7. 
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Table 4-7. Distribution of references in the data management task subcategory 

Row Labels EL MEB AB DB 

Calculus     

Data transformation 9 5 6  

Descriptive stat    

Data characterization 8 7 11 4 

Data organization 1   

Data transformation  1 

Multivariate stat   

Data organization 4 2  

Linear algebra    

Data organization 4 5 2 

Precalculus    

Data characterization 4 3 4 6 

 

The subcategory of data transformation included references to the use of 

logarithmic functions when transforming a dataset to a suitable form for statistical 

analysis. The subcategory of data characterization included the use of proportions to 

measure phenotype frequency in the precalculus case. The category of data organization 

included cluster analysis and variable reduction techniques.  

The category of estimate assessment represented references made to the use of 

tools to ensure statistical reliability, validity or significance of estimates. The category of 

theory tests represented references made to the use of statistical tools to contrast 

theories about natural processes with collected data. The main areas related to this 

category were probability, stochastic processes, and relational statistics.  
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Finally, the majority of references coded as calculations were made with respect 

to calculations that were part of statistical methods from the areas of descriptive, 

relational, Bayesian and multivariate statistics and stochastic processes. 

 It is important to emphasize that all the references analyzed were references that 

explicitly mentioned the use of the tools indicated. The implicit use precalculus tools that 

clearly underlies all the other areas, for instance, was not reflected in this analysis. 

Cross-sectional Survey  

The survey was piloted three times with 17 participants. The participants included 

graduate students, professors, and postdocs from the areas of education, biology, 

mathematics, and statistics. A description of their background is provided in the appendix. 

After the first version—on paper—the question wording and order were modified to 

make it more readable, and open-ended questions were added, since some of the 

questions were too restrictive.  

The second version was online, and after the pilot, a logic design was implemented 

to improve completion time. This design interactively discriminated the questions asked 

to participants based on their responses. For instance, when participants rated as useful 

only the areas of calculus and inferential statistics, they were asked in the next question 

to provide examples of the use of mathematics only in these two areas. Additionally, after 

the last pilot, the word format was revised again to make it more concise, and reduce 

completion time.  
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The final version of the survey was distributed from April 2015 to October 2015. 

The response distribution is presented in Figure 4-6. 

Figure 4-6. Distribution of surveys' start date 

 

The frequency of responses in Figure 4-6 reflects two waves of invitations. The 

period of time when these invitations were sent was intended to coincide with the end 

and beginning of the spring and fall semester respectively, as a way to maximize 

responses, given the academic schedule of stakeholder groups.  

NON-RESPONSE RATES 

A total of 849 surveys were received. The unit non-response rate was 43%. The 

item non-response rates varied considerably. Table 4-8 shows the non-response rates for 

each of the items considered in the analysis.  
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Table 4-8. Item non-response rates 

Item Completed Item non-response+ (%) 

Math/stat area usefulness               736  13%* 
Open end question/Math 488 43% 
Open end question/Stat 517 39% 
Open end question/Others 313 63% 
Math/stat area familiarity               526  38%* 
Gender 517 39% 
Biological Sciences area (EEB/DEV) 738 13% 
Job position 738 13% 
Years of experience 503 41% 
+ Percentages of non-response are calculated from the total of responses 
* Usefulness SD =0.003; Familiarity SD = 0.001. 

  

The order of the items listed in Table 4-8 followed the order of appearance in the 

survey. The higher non-response after the usefulness items might have been explained 

by participants’ time constraints, given the fact that the next three open questions were 

a significantly time burden or a higher cognitive load (de Leeuw & Huisman, 2003). 

PARTICIPANTS’ BACKGROUND 

As shown in Table 4-8, only 503 participants completed all the items about the 

participants’ background. The distribution of these responses is presented in Table 4-9. 
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Table 4-9. Distribution of response for items about participants' background 

Job Position / 
Years of experience 

EEB 
N=363 

DEV 
N=68 

Both 
N=44 

NR/NA 
N=374 

Total 

Researchers/postdocs 180 29 15 15 239 
6-12 months 49 4 2 2 57 
1-2 years 16 5 2 3 26 
2-3 years 26 1  1 28 
3-5 years 28 7 2 4 41 
5-10 years 15 4 3 1 23 
10-20 years 30 3 2  35 
More than 20 years 14 5 3 3 25 
NR/NA 2  1 1 4 

Graduate Students 83 13 12 10 118 
6-12 months 7 2 1 5 15 
1-2 years 18 2 4 1 25 
2-3 years 14 2 4 3 23 
3-5 years 40 5 3  48 
5-10 years 3 2   5 
NR/NA 1   1 2 

Professors 75 22 10 1 108 
6-12 months 11 3 2 1 17 
1-2 years 14 2 1  17 
2-3 years 7 5 1  13 
3-5 years 23 6 4  33 
5-10 years 12 3   15 
10-20 years 6 2 2  10 
More than 20 years 2 1   3 

Low count 5 1 2 5 13 
NR/NA 20 3 5 343 371 
NR/NA stands for no responses or not applicable; low count category for job position included 
teachers, technicians, and undergraduates. 

 

As can be seen in Table 4-9, the low number of participants for years of experience 

ranges for each job position prevented conducting reliable comparison analyses in terms 

of the DB area. However, cell sizes for other variables were large enough to conduct the 
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analyses discussed in the next pages. It is important to emphasize that given the lower 

number of DB participant, sample sizes for each cell were considerably unequal; thus, 

restricted the power of statistical tests conducted. 

LIKERT-TYPE ITEMS  

Overall results 

An overall picture of math/stat area usefulness and familiarity responses was 

created using divergent stacked bar charts as presented in Figure 4-7 and Figure 4-8. 

These charts were created using the visualization capabilities of the “likert package” in R 

(Bryer & Speerschneider, 2015).  

Figure 4-7. Math/Stat area usefulness 
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Figure 4-8. Math/stat area familiarity 

 

As can be seen, there seems to be considerable differences in participants’ view 

about the usefulness of some topics. These differences, as well as the relationship 

between usefulness and familiarity, are discussed in the following pages.  

Comparative Analyses 

Usefulness 

A multivariate analysis of variance was conducted to investigate mean differences 

for the response about usefulness for different groups of participants. The nine 

dependent variables considered were participants’ perceived usefulness of each of the 

nine topics presented in Table 4-9. The independent variables used, on the other hand, 

were biological sciences area and job position of participants. The variables of biological 

sciences area and job position both had three levels. The levels of the biological sciences 
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area variable were EEB, DB and BOTH—in which case participants identified themselves 

as working in both areas. The levels of the job position variable, on the other hand, were 

researcher or postdoc, professors, and graduate students.  

Regarding the assumptions of the multivariate analysis; first, as shown in Table 

4-9, cell sizes were unequal and particularly small for the DB area. Second, as can clearly 

be seen in Figure 4-1 and confirmed by the generalized Shapiro-Wilk test for multivariate 

normality (W=0.7909, p<0.001), the dependent variables were clearly not normally 

distributed. Last, the assumption of homogeneity of variance was violated, as confirmed 

by Box’s M tests for both the biological sciences area variable (χ2(45)= 234.9, p<0.001) 

and the job positions variable (χ2 (90)=180.63, p < 0.001). 

Due to violations of these assumptions, Pillai’s criterion and type III sums were 

used to measure statistical significance of the multivariate analysis, as suggested in 

Tabachnick (2013). Although the effect size was relatively small, an interaction of area by 

job position was found on usefulness (F(18,760)=2.04, p<0.01, partial η2=0.05). In order 

to study this interaction, simple main effects were tested using multiple one-way 

MANOVA comparisons: first for all the levels of job positions as area levels were fixed, 

and then for all levels of areas as job positions were fixed. 

The hypothesis that participants from different job positions had similar views 

about the usefulness of topics was neither supported for the EEB area (F=1.5158, 

df(18,642), p<0.1, partial η2=0.05) nor for the DB area (F=2.0272, df(18,104), p<0.05, 

partial η2=0.26). Additionally, and with a larger effect size, the hypothesis that 
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participants from different areas had similar views about the usefulness of topics was not 

supported by the professors level (F=6.0313, df(9,85), p<0.001, partial η2=0.39), the grad 

students (F=4.6737, df(9,85), p<0.001, partial η2=0.33), nor the researcher/postdocs 

group (F=4.7167, df(9,193), p<0.001, partial η2=0.18). 

In order to identify the main topics on which participants have different views, 

multiple univariate tests were conducted. A summary of significance levels for each one 

of these tests is summarized in Table 4-10. 

Table 4-10. Significance of area and job position univariate tests. 

 Differences  
between areas 

 Differences  
between job positions 

 Postdocs Profs Grads  EEB DB 

Descriptive stat 0.001 0.897 0.010  0.100 0.652 

Inferential stat 0.337 0.100 0.100  0.621 0.560 

Stochastic processes 0.050 0.001 0.001  0.050 0.437 

Precalculus 0.589 0.617 0.010  0.214 0.001 

Calculus 0.001 0.010 0.001  0.799 0.432 

Linear Algebra 0.001 0.010 0.010  0.982 0.735 

Differential equations 0.050 0.100 0.001  0.323 0.050 

Dynamical systems 0.149 0.212 0.648  0.299 0.970 

Mathematical models 0.001 0.050 0.010  0.733 0.374 

 

As expected from the size effects of the simple main effects analysis, more differences 

were found in views about usefulness of topics between areas than between job 

positions. Since there seems to be a certain level of consensus between job positions, 

differences on usefulness between areas can be fairly represented regardless of 

participants’ job position, as illustrated in Figure 4-9. 
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All the comparative analyses were conducted in the R environment (R Core Team, 

2013). Some of these analyses required additional packages: the Shapiro-Wilk test was 

calculated using the mvShapiroTest package (Gonzalez-Estrada & Villasenor-Alva, 2013); 

the Box’s M tests was calculated using the biotools package (Silva, 2016); and the partial 

η2 measure of effect size using the HE plots package (Friendly, 2007). 

Figure 4-9. Usefulness of topics by area 
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 As can be seen, the DB area considered—as reported by the survey—most topics 

more useful than participants from the area of EEB. The largest differences in terms of 

usefulness between EEB and DB were found in the topics of calculus, differential 

equations, dynamics systems, linear algebra, and stochastic processes.  

Years of experience 

 Since cells’ sizes for years of experience were too small in some cases, the variable 

was collapsed as shown in Table 4-11.  

Table 4-11. Distribution of level of experience. 

Level of experience 1 2 3 4 Total 

Count 89 129 142 91 459 

 

The levels of experience were defined differently for each stakeholder group and 

ordered such that higher levels meant greater years of experience. A multivariate 

analysis of variance was conducted to investigate mean differences for the response 

about usefulness given different levels of experience. The nine dependent variables 

considered were participants’ perceived usefulness of each of the nine topics presented 

in Table 4-9. The level of experience was the only one of the independent variables 

considered, having the four levels previously indicated. 

Regarding the assumptions of the multivariate analysis; first, as shown in Table 

4-11, cell sizes were unequal. Second, as can be inferred in Figure 4-1 and confirmed by 

the generalized Shapiro-Wilk test for multivariate normality (W=0.7970, p<0.001), the 
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dependent variables were not normally distributed. Last, the assumption of homogeneity 

of variance was violated, as confirmed by Box’s M tests for the independent variable 

(χ2(135) = 305.14, p<0.001). 

Due to violations of these assumptions, Pillai’s criterion and type III sums were 

used to measure statistical significance of the multivariate analysis, as suggested in 

Tabachnick (2013). No significant differences in the usefulness variables by levels of 

experience were found as determined by the multivariate analysis of variance 

(F(27,1320)=1.2856, p=0.1496, partial η2=0.03).  

Familiarity 

 The causation between the usefulness and familiarity variables was not possible 

to determine given the data collected. However, a number of participants reported 

knowing a lot about the topics and still considering some of them not very useful. The 

percentage of these participants can be seen in the distribution of responses of 

participants highly familiar with the topics, as shown in Figure 4-10. Implications of these 

results are discussed in the conclusions chapter. 
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Figure 4-10. Usefulness and high familiarity 

 

OPEN-ENDED QUESTIONS 

The main purpose of the open-ended questions was to investigate specific 

workplace activities to which participants considered mathematics and statistics topics 

useful.  As shown in Table 4-8, the response rates for these questions were , in 

general,considerably low; however, this rate is expected for open-ended questions 

formats that entail a higher interviewer workload (Botman & Thornberry, 1992). 

 There were 487 participants who responded to the open-ended questions about 

mathematics topics, 517 participants who responded to the statistical open-ended 

question, and 313 participants who answered the question about the use of other topics 

not included in the list.  
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The distribution of responses by area and job position for the open-ended 

questions about mathematics topics is presented in Table 4-12. 

Table 4-12. Distribution of responses to open-ended questions about mathematics 

Row Labels EEB DB Both NA/NR Total 

Researcher/Postdoc 165 25 12 15 214 
Grads 76 13 11 9 106 
Professor 72 20 10 1 101 
Low count 15 3 7 12 34 
#N/A 5 1  32 38 
Total 330 60 37 34 488 

 

The distribution of responses for the open-ended question about statistics topics 

was comparable to this distribution; however, the number of responses to the questions 

about other topics was considerably lower, especially for the group of professors as can 

be seen in Table 4-13. 

Table 4-13. Distribution of responses to open-ended questions about other topics 

Row Labels EEB DEV Both NA Total 

Researcher/Postdoc 104 12 12 13 130 
Grads 41 6 8 6 54 
Professor 38 12 7 1 51 
Low count 13 3 6 7 23 
N/A 2 1  5 6 
Total 185 26 27 27 246 
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Topics’ preference 

 The survey’s format allowed participants to choose the specific topic they wanted 

to describe related to their workplace activities. This flexibility largely explained why some 

topics were better represented than others. Table 4-14 shows the distribution of 

responses by participants’ choice of topics.  

Table 4-14.Distribution of responses to open-ended questions by topics of choice 

Row Labels EEB DEV Both NA Grand  

Inferential stat 116 17 17 17 154 

Stochastic processes 90 7 12 13 116 

Descriptive stat 87 11 13 14 114 

Precalculus 70 15 14 12 103 

Linear algebra 68 7 11 7 90 

Calculus 65 8 10 10 87 

Differential equations 45 7 6 6 59 

Dynamic systems 25 5 3 3 34 

Mathematics models 2    2 

Total 185 26 27 27 246 

 

As shown in Table 4-14, the distribution of topics mostly reflected the Likert-type 

item responses’ distribution. Although the topics of stochastic processes and 

mathematics models were preferred differently.  

Before discussing the activities participants associated with these topics, a brief 

summary of additional topics that participants considered useful is presented in Table 

4-15.  
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Table 4-15. List of additional topics considered useful by participants 

Topics EEB DEV 

Bayesian stat 41 0 

Multivariate stat 14 2 

Graph theory 9 2 

Time series 6 0 

Discrete math 7 0 

 

The list of topics presented in Table 4-15 only includes topics mentioned by more 

than five participants. Topics mentioned by fewer than five participants included 

numerical analysis, game theory, and dynamic programming. Additionally, there were 

over ten topics mentioned by only one participant including network theory, signal 

processing, and circular statistics.  

Use of mathematics and statistics topics 

The format for the open-ended question that related tasks and topics allowed 

participants to describe more than one task for each one of the topics they selected. This 

flexibility considerably delayed the coding process. The initial number of responses from 

the 488 participants was broken down, into a new database that contained for each row 

one topic and the activity associated with the topic. As a result, the final number of lines 

to code was over 6,000. A number of these responses, however, were too vague and thus 

discarded from the analysis.  

After a typical process of open, axial and selective coding (Strauss & Corbin, 1990), 

seven main codes were identified regarding the typical tasks associated with both 
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mathematics and statistics topics. The percentages of participants by biological sciences 

area that reported these tasks are presented in Table 4-16. 

Table 4-16. Distribution of responses by tasks 

Task EEB 
N=320 

DB 
N=63 

Experimental design 87% 95% 
Modeling 72% 43% 
Calculations 40% 57% 
Understanding science 15% 13% 
Phylogenetic inference/population genetics 11% 0% 
Black box 2% 2% 

 

A few clarifications need to be made regarding these codes. First, the 

experimental design/data analysis task represented the use of statistical tools in order to 

evaluate theoretical conclusions including variability, correlation and treatment effects 

analyses and other related tasks. Second, the modeling code also included tasks that 

participants reported as leading to the design or selection of models to be used, given a 

particular dataset or natural process being studied.  

 Third, the calculation task referred to the use of mathematical and statistical tools 

as part of other mathematics or statistical method, or a general methodology. Examples 

of this code included the use of linear algebra used in order to conduct multivariate 

statistics analysis, or the use of precalculus to find dilution factors in laboratory 

experiments.  
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The task of understanding science mainly referred to the use of mathematics or 

statistical tools by participants to understand scientific literature or as a theoretical 

foundation to understand or use other tools. Fourth, the task of phylogenetic 

inference/population genetics included all the different statistical and mathematical tools 

used in these areas. It was separated from the rest of the tasks, since it was particularly 

prominent in the area of EEB. Next, the category of foundation refers to the use of tools 

to understand or use other tools. For instance, when participants mentioned explicitly the 

use of precalculus tools in order to understand calculus concepts. 

Finally, the black box task referred to a blind use of mathematics or statistical 

techniques without fully understanding the underlying theory behind them. In spite of 

the low count of this code, it was included in this list since this code was identified in the 

interviews as well and shed light on a particular use of mathematics in the field that will 

be worth including in the discussion about the relationship between student needs and 

the curriculum. The relationships between these tasks and the main topics associated 

were investigated. A brief summary of these relationships is presented in Table 4-17 by 

biological sciences areas. 
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Table 4-17. Relationship between tasks and topics by area 

Row Labels EEB 
N=330 

DEV 
N=60 

experimental design 

inf_stat 47% 62% 

desc_stat 14% 10% 

modeling     

stochastic_processes 29% 8% 

diffeqs 16% 17% 

calculus 15% 8% 

lin_alg 11% 3% 

dynamical systems 6% 7% 

precalculus 6% 5% 

inf_stat 6% 0% 

calculations   

precalculus 17% 37% 

lin_alg 12% 8% 

calculus 8% 8% 

stochastic_processes 4% 2% 

desc_stat 2% 7% 

phylogenetics inference/  
population genetics 

stochastic_processes 6% 0% 

science understanding   

stochastic_processes 2% 2% 

calculus 2% 2% 

precalculus 3% 0% 

lin_alg 1% 0% 

black box     

stochastic_processes 1% 0% 

 

As shown in Table 4-17, the main tasks reported by participants are experimental 

design, modeling, and calculations. Descriptive and inferential statistics are consistently 

considered useful for experimental design. Modeling seems to depend heavily on 

stochastic processes in the EEB case, and on differential equations in the DB case. 
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Phylogenetic inference and population genetics related tasks were exclusively reported 

by participants from the EEB area, both depending solely on stochastic processes.  

Although the rest of the tasks included in Table 4-17 were less frequently 

mentioned, they seem to play a particular role with respect to participant needs that is 

worth noting. This issue will however be discussed in the conclusions, when contrasting 

these results with the interview analysis. 

Additionally, it is important to clarify that the categories from Table 4-17 are not 

mutually exclusive, in the sense that the same participants could associate different topics 

for the same task or different tasks for the same topic. Furthermore, a few categories of 

tasks and topics were excluded from the analysis since less than three participants overall 

mentioned them. 

 Most participants’ responses included general information of the tasks carried out 

at their workplace; however, a number of participants provided more specific details. A 

summary of some of the subtasks associated with the calculations task is presented as an 

example in Table 4-18. 
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Table 4-18. Relationship between subtasks and topics for the calculation task 

Subtasks EEB 
N=330 

DB 
N=60 

Total 

precalculus 57 22 79 

basic calculations 52 22 74 

stat calculations 5  5 

lin_alg 38 5 43 

stat calculations 31 4 35 

calculus 26 5 31 

stat calculations 17 1 18 

 

As shown in Table 4-18, participants associated the calculation task with basic 

calculations or as part of statistical methods. The subtask of basic calculations in the case 

of precalculus included preparing solutions in the laboratory, unit conversion, or solving 

simple equations; in the category of linear algebra mainly referred to its relationship to 

multivariate statistics; last, the use of calculations in calculus included area under curve, 

the use of exponential and logarithmic functions in data transformation, and derivatives 

and integrals in Bayesian and multivariate statistics.   

Interviews 

The main purpose of the interviews was to expand and complement the results 

from the content and survey analysis. The interviews were guided by four questions. The 

first two questions were intended to investigate in depth participants’ views on the type 

of statistics and mathematics tools they used at their workplace. The third question was 

intended to elicit details about the participants’ academic preparation in mathematics 

and statistics as a way to know more about their familiarity with the topics. In the last 
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question, participants were asked about what they would change from the curriculum of 

biological sciences majors in terms of undergraduates’ mathematics preparation.  

PARTICIPANTS BACKGROUND 

Participants were contacted through emails as they volunteered contact 

information in the online survey. Participants were selected according to their academic 

background and job position to represent the stakeholder groups that participated in the 

survey. The interviews were previously piloted with two grad students from the biological 

sciences area. After the pilot, questions’ wording and format were adjusted in order to 

reduce the completion time between 10 to 15 minutes. Most of the interviews were 

conducted through phone conference, one interview was conducted in person, and three 

participants responded the questionnaire by email.  

Participants interviewed represented the three stakeholder groups and areas of 

biological sciences investigated. A brief summary of the participants’ job position and 

biological sciences area is presented in Table 4-19. 

Table 4-19. Interview participants’ job position and biological sciences area 

Ecology, Evolution, and Behaviour Gender  Developmental Biology Gender  

Biostat software consultant F  Lab PI/Professor M 1.  

Lab PI/Professor M  Lab PI/Professor F 2.  

Lab PI/Professor* F  Lab PI/Professor F 3.  

Ph.D. student F  Ph.D. Student* F 4.  

Ph.D. student* F  Postdoc M 5.  

Ph.D. student/Lab PI M     

Postdoc M     

Senior research fellow F     
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* Interview questionnaire responded by email  

 

INTERVIEW CODING 

The duration of the interviews was between 15 to 20 minutes. The audio 

recordings were transcribed following a verbatim methodology focused on the research 

questions. The transcripts were first analyzed using a content analysis scheme with 

deductive hierarchical coding, and grounded theory to identified emerging patterns in the 

data (Neuendorf, 2002; Strauss & Corbin, 1990). The initial codebook for the precoding 

was developed using the following four codes that emerged from the interview questions: 

use of mathematics and statistics, familiarity with mathematics and statistics, views on 

undergrad curriculum, and other themes.  

In the open coding phase, a total of 83 codes were identified; during the axial 

coding phase, these codes were reduced to a total of 54 codes. Finally, in the selective 

coding phase, the codes were reduced to a total of 9 central themes. The selecting coding 

phase considered the frequency of the codes identified in the axial coding, their 

relationship to the research questions, and their ability to complement previous results. 

A list of the nine central themes and the main codes associated is presented in Table 4-20.  
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Table 4-20. Selective coding of interviews 

Main themes Codes 

Views on the use of  
mathematics and statistics 

Math/stat specific areas 
Math and stat modeling 
Collaboration and math literacy 
Basic and stat calculations 
Black box and background math 
Other needs 

   

Views on the undergrad  
curriculum 

Curriculum and workplace disconnect 
Curriculum limitations 
More/less math 

 

A description of these codes, their relationship to participants’ background, 

frequency, and connection with the research questions will be discussed in the next 

pages.  

MAIN THEMES 

Views on the use of mathematics and statistics 

The interview questions about the use of mathematics and statistics tools at 

participants’ workplace included brief examples of survey responses. These examples 

were intended to invite participants to think of specific cases. The example used in the 

questions about the use of statistics consisted of the use of hypothesis testing to compare 

phenotypes between different genetic conditions; the example used in questions about 

the use of mathematics, on the other hand, was the use of basic algebra for metabolic 

rates calculations. The exact wording of these and the remaining questions can be found 

in appendix X. 
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Participants responded to these questions, first providing a short list of main 

mathematics and statistics topics they use at their workplace; and then adding a brief 

explanation for the need of these topics at their workplace. The topics participants 

reported as useful were coded as math/stat, being mostly a subset of the list of topics 

identified in the survey responses. The statistics topics included descriptive, inferential 

and Bayesian statistics; and the mathematics topics included linear algebra, calculus, and 

differential equations.  

The use of the tools from these topics was mostly specific to participants’ research 

area of interest; however, a few general themes could be identified. First, there was a 

duality in the use of statistical and mathematical modeling. Some participants reported 

focusing on statistical models, validating certain theoretical claims using experimental 

data; and other participants reported focusing on developing or adjusting mathematical 

models to predict natural processes without necessarily validating these predictions with 

experimental data.   

A doctoral candidate and principal investigator of an EEB laboratory is an example of 

a scientist focused on mathematics modeling. In the interview, she reported that she was 

currently using differential equations to model fish population growth without the use of 

any statistical tools. After being asked when would she need to use statistics models in 

her research, she replied: 
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…when asking things about, you know that have different layers of 

complexities, so maybe stochasticity, or incorporating environmental variation 

or something like that, that you are going into a more probabilistic world, or… 

you know, if you are incorporating data and you are trying to understand 

whether or not those trends from this model are fitting with the data you need 

statistical tools 

 

A third-year doctoral student from the same area of EEB, on the other hand, reported 

using only statistical tools—inferential and multivariate statistics—to model fish 

population growth; when asked about the use of mathematics tools such as calculus, he 

argued:  

I bet there are a lot of theoretical ecologists who are doing a lot more calculus 

than I do, because I work with, you know, observational data, I don't do much 

calculus 

  

From participants’ responses, a few factors seem to determine the approach taken 

including the experimental data availability, the type of research questions, and the level 

of simplification of a model. This duality between statistics and mathematics modeling 

raised the question of to what extent scientists are able to acquire the expertise needed 

to take both approaches. This is a question that becomes more relevant as the amount of 
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time and resources needed to have higher levels of expertise in each one of these 

approaches is taken into account. This issue will however be discussed more extensively 

in the conclusions.  

A second code identified in the interviews was collaboration and mathematics 

literacy. This theme is directly related to the previous one, in the sense that collaboration 

and mathematics literacy are key to strengthening particular research approaches. A 

principal investigator of a DB principal investigator of a research laboratory and professor 

with more than 15 years of experience in the field illustrates the importance of 

collaboration in her work. After being asked about the relevance of calculus and 

differential equations courses for students pursuing a similar career path than her, she 

replied: 

I mean, I think it’s useful, I think, you know, it's a good skill to have, but I don't 

think it’s as necessary, I don't use that stuff as much in what I do, and don't see 

my colleagues do either… 

 

Adding later, 

…there's increasingly more and more modeling that happens, modeling of kind 

of cell movement and things like that, but normally the amount of mathematics 

that you would need for that, people, normally I see, do it by collaborating with 

the mathematicians…just because it would be… that's quite sophisticated 
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mathematics… but at least an understanding so they could talk to people about 

that would be very useful. 

 

This participant acknowledged that there are groups of scientists relying mainly on 

statistics modeling. She explained that other approaches would require sophisticated 

mathematics, and instead of suggesting these groups should learn this type of 

mathematics, she suggests collaborating as a solution. She argued that this collaboration 

requires a minimum understanding needed of this type of mathematics. This minimum 

understanding was identified in the interviews as mathematics or statistics literacy, in at 

least another four participants from both EEB and DB areas.  

The third code identified in the interviews was the used of basic and general 

calculations. The basic calculations referred to the use of basic mathematics operations 

to perform tasks in the field; and the statistical calculations on the other hand, referred 

to the use of mathematics or statistical tools as part of other mathematics or statistical 

tools.  

The basic calculations code’s importance resided in the fact that some scientists after 

being asked about the usefulness of the general areas of precalculus, calculus, and 

differential equations reported only using basic calculations including proportions and 

simple algebra, as they relied on scientific software for other applications.  
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An example of this use of mathematics was illustrated by a DB postdoctoral fellow 

investigating fungicides’ effectiveness. After being asked whether he used mathematics 

other than statistics in his studies, he replied that he did not and then clarified:  

…regular mathematics we always use. Suppose I am here using a 65 μm 

concentration of inhibitor or 200 mM of my fungicide, so these calculations we 

always do. How much we would add, the molarity, molality… 

 

This participant did not interpret the question asked in terms of the mathematics 

needed to understand or use effectively other statistical methods that he used. This other 

type of use of mathematics, as a key piece in statistics tools, was identified with the 

alternative statistical calculations code.  

The response of a second EEB postdoctoral fellow researcher illustrates this code. This 

participant was currently working in an Ivy League university and had about 15 

publications during the last six years in journals as prestigious as Nature and Behavioral 

Ecology. In the interview, he explained that he mainly used statistical tools, such as linear 

mixed models and survival analysis in his work. After being asked whether he uses 

differential equations or any mathematics other than statistics in his research, he frankly 

replied: 
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No, I don’t think so. I’m not even sure what would they mean—to be honest.  

Mathematically I am not really very good, so I just have learned bit and pieces, 

just enough so I know what kind of statistics analysis to run or not. 

  

The mathematics tools used in his case were just the tools required to effectively use 

statistical tools. This type of use of mathematics leads to the question of what exactly do 

these participants need to know about mathematics.  

The third code labeled as black box and background mathematics is an example of 

participants who seemed to be using mathematics or statistics in a utilitarian fashion. The 

black box mathematics code was used to refer to an implicit use of mathematics through 

scientific software or statistical methods, the background mathematics’ code, on the 

other hand, referred to the need of understanding at least some foundational concepts 

in mathematics. 

The use of mathematics by a professor and principal investigator of an EEB research 

laboratory with at least 10 years of experience illustrates both of these codes. After being 

asked about the use of statistical models, she replied:  

The only modeling I have done so far has been through the use of Maxent, 

which is a program that essentially does it for you, so it’s kind of black box. I 

have a good understanding of… in general, what’s doing but the math that 

underlies it, I have absolutely no idea. 
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After being asked whether she used linear algebra in her work, she added: 

Only in the sense that they underlie a lot of statistics that I do. I don’t 

necessarily… like I’m doing… Right now I have discriminant function analysis 

open in my stat program, so you know, I know that matrices underlie that but I 

don’t just generally use matrices. 

  

In the first example, she says she knows the software uses certain statistical models, 

but she admits that she does not have an idea of the math that underlies these models. 

Conversely, she claims she uses linear algebra tools to some extent, as they are key in a 

statistical method. She is not completely blind to the math behind the method, but has 

certain background knowledge of it.  

The last code identified in the interviews was related to the needs that were not 

exactly mathematics or statistical yet participants felt compelled to share. These needs 

included knowing how to code in scientific languages like R or computational techniques 

in general.  

Views on the undergraduate curriculum 

The first code identified in participants’ views about the biological sciences 

undergraduate curriculum represented the disconnect participants felt between the 

college mathematics and their workplace.  
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 The same professor and principal investigator of an EEB, quoted above, describes 

this disconnect. She explained that her experience with calculus was “terrible”, and that 

even when she studied intensively and got an A in the class, “she did not understand any 

of it”; then, when asked about whether her calculus class included biology applications, 

she replied:  

That was something that was really, really lacking, and it [calculus] was required 

for the biology major where I went to school; but none of us saw any 

connection to... particularly the ecologist students that I talk to, none of them 

saw any real connection to.... even though there is obviously, now that, you 

know… looking back I can say, yes, there is a clear huge connection to calculus  

 

It is worth noting that this participant was actually able to make connections between 

her workplace and calculus, yet not in college. The same participant added later that this 

disconnect not only happened with calculus courses but also with the statistics courses 

she took in college, and offered a reason for it: 

I would have preferred to have ideally a statics course, even as an undergrad 

where you can bring your own dataset... something that is actually relevant. 

Because the statistical concepts are so incredibly abstract that they don't make 

any sense until you actually are trying to do analysis on data you know and care 

about  
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Her views on the relationship between theory and practice raise a couple of questions: 

first, about the extent to what is possible to design a mathematics courses where students 

can connect the subject-matter to their fields; and second, whether classes designed to 

emphasize this connection are better than those that are not. The previous participant 

seemed to be quite convinced about the answer to this last question.  

The second code identified in participants’ views about the biological sciences 

undergraduate was labeled as curriculum limitations. This code was used to describe 

limitations that the curriculum has to add more content. The doctoral candidate and 

principal investigator of an EEB laboratory, previously mentioned in the “modeling and 

statistical analysis” code, is a good example of this issue. After being asked about the 

changes she would have made to her undergraduate education, she replied: 

I would have taken more math just in general. I don’t know where I would have 

fit that in… but yeah, I mean, there are so many kinds of types of things and 

questions that I want to be able to do and I feel like a lot of times I’ll look at 

something and say: ugh! there is probably a tool to do this.   

 

When showing her desire to include more mathematics in her undergraduate 

education she adds “I don’t know where I would have fit that in… “. She is expressing a 

limitation—perhaps a time limitation—to learn the type of mathematics she currently 

needs in college. 
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The third code represented participants from two groups. The first expressed the 

need of adding more mathematics or statistics to the curriculum; and the second, the 

opposite view. The response from the previous participant also provides an example of 

this first group, as she mentioned: “I would have taken more math in general”. 

A second professor and principal investigator of a DB research laboratory with over 

10 years of experience is a good example of the second group of participants. After being 

asked about what students in college should learn, she replied: “definitely statistics, 

statistical analysis… calculus if there's time to take it, but, I think, experimental design is 

much more important". Her response implied that calculus should be optional in the 

undergraduate curriculum.  

Explaining her rationale for this choice, she also adds her opinion about calculus, 

giving another example of a disconnect between the curriculum and the workplace. 

A lot of math is highly theoretical. I can deal with that but I think is boring. You 

know, I don’t want to use calculus to calculate with perimeter of D, whatever… 

or something like that... I want to be able to use it with real information. I can 

do it, I can ace the course, but it doesn't stay with you… If I use my own data, 

then I can remember, you know, the pattern, Oh I can use this statistical design 

for this kind of data. 
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CHAPTER 5. DISCUSSION, CONCLUSIONS, AND FURTHER WORK 

A brief review of the literature, the methodology used, and interpretation of the 

main results is provided. The extent to which each of the research questions is addressed 

as well as the addition that the reported findings represent to the existent literature is 

discussed. To end this chapter, implications for practice, limitations of this study and 

recommendations for further research are included.  

Summary of the study 

Although biology has traditionally been more of a qualitative field, advances in 

DNA sequencing, computational power, and analytical tools during the last decades have 

deeply strengthened its connections to mathematics. This major paradigm shift has 

naturally increased the quantitative competencies that biology undergrad students 

required after graduation, and thus, the necessity of adapting the undergraduate 

curriculum to address these requirements.  

The main purpose of this study was to investigate the mathematical needs of 

biological sciences students and how the current undergraduate curriculum is aligned to 

these needs. Primary efforts to investigate these needs and proposed new curriculum 

have been made by scientific associations such as the NRC, the MAA and the AAAS (AAAS, 

2009; Barker et al., 2004; Brewer & Smith, 2011; Ganter & Barker, 2004; NRC, 2003).  

These efforts have confirmed the critical role of mathematics in the preparation 

of biological sciences undergraduates, and some proposed adding new mathematics 
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courses that are not traditionally part of the undergrad curriculum including differential 

equations, dynamical systems, and stochastic processes. However, the curricula proposed 

in these projects are not clearly supported by studies of required competencies in their 

future careers. 

 As reported in chapter 2, a number of studies have already investigated student 

needs at the undergraduate level (Birch & Mavis, 2006; Carr et al., 1999; Curran et al., 

2012), but none of these studies specifically focused on the needs of biological sciences 

students. This study is relevant since is intended to address this gap in the literature 

investigating the student needs of biological sciences students through a mixed-methods 

approach based.  

Following a typical needs assessment methodology scheme (Altschuld & Kumar, 

2009), student needs were measured by the difference between students’ acquired 

competencies in college and the future competencies required in their workplace. To 

simplify analyses, students were assumed to have only basic mathematical skills when 

coming to college. Thus, the term mathematical need was considered equivalent to 

required competencies.  

The need assessment was comprised of a mixed-method approach that included 

a content analysis of peer-reviewed journals, a nationwide cross-sectional survey, and 

semi-structured interviews. The content analysis roughly followed Neuendorf’s typical 

process of content analysis research (Neuendorf, 2002, pp. 50–51) with a summative 
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content analysis approach (Hsieh & Shannon, 2005). The main focused of this content 

analysis was the reported use of mathematics in the examined journals. 

The survey instrument was developed incorporating some features of a previous 

student needs survey conducted in engineering education (Lethbridge, 2000). In the 

survey, through Likert-type items, participants were asked to rate a list of mathematics 

and statistics topics based on usefulness and familiarity.  Additionally, participants were 

asked, to share applications of the topics they found useful at their workplace. The 

interviews were mainly intended to triangulate, complement, and expand the results 

from the surveys. 

The main research questions that guided this study were two: (1) What are the 

mathematical needs of biological sciences undergraduate students as perceived by 

certain stakeholder groups? and (2) Are the mathematical needs of biological sciences 

undergraduate students as perceived by the stakeholders aligned with the curriculum?  

The mathematical needs were estimated by the views of three stakeholders’ 

groups regarding the usefulness of mathematical competencies at their workplace: 

graduate students, instructors, and postdoctoral fellows. These views were measured by 

the survey, content analysis, and interviews. The mathematical needs were then 

compared a combination of the curricula proposed in the MAA and NRC reports  

As presented in chapter 3, due to time constraints the study of biological sciences 

was reduced to the areas of EEB and DB, as two contrasting subfields of the discipline in 

the use of mathematics and statistics.  
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Research question 1: What are the mathematical needs of biological 

sciences undergraduate students? 

The findings presented in chapter 4 delineated a total of 16 general areas in 

mathematics and statistics that represent students’ mathematical needs. Nine of these 

general areas were included in the Likert-type items from the survey and seven additional 

areas were identified in the open-ended questions from the survey, content analysis or 

interviews. A list of all the mathematical needs by general areas as measured by each 

instrument is presented in Table 5-1 and Table 5-2. 

Table 5-1.Students’ mathematical needs in DB and EEB fields 

General areas Survey* Content Analysis Interviews 
 DB 

N=68 
EEB 

N=363 
DB 

N=30 
EEB 

N=90 
 

Descriptive stat 99% 99% 20% 39% X 
Inferential stat 90% 98% 37% 71% X 
Precalculus 84% 84% 27% 29% X 
Stochastic processes 63% 89% 7% 30% X 
Calculus 59% 86% 3% 44% X 
Linear algebra 49% 85% 7% 16% X 
Mathematics models 22% 95% 10% 12% X 
Differential equations 38% 70% 10% 6% X 
Dynamic systems 22% 39% 7% 2%  
* Percentages based on survey’s Likert-type items 
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Table 5-2. Additional mathematical needs in DB and EEB fields 

General Areas Survey* Content Analysis Interview 
 DB 

N=36 
EEB 

N=220 
DB 

N=30 
EEB 

N=90  
 

Scientific programming 14% 15%  17% 28% X 
Bayesian stat 0% 14% 3% 18% X 
Multivariate stat 0% 6% 0% 24% X 
Discrete math 6% 6% 3% 2% X 
Numerical analysis 3% 4% 3% 0%  
*Percentages reported based on survey’s open-ended questions  

 

 The percentages in Table 5-1 and Table 5-2 are a measure of mathematical needs; 

the fact that nearly 99% of participant considered descriptive statistics as very useful, 

represents a strong need for students in college to acquire competencies from this area.  

In general, the same needs were identified at higher rates in survey data than in 

the content analysis. The differences between the survey and content analysis were 

expected for a couple of reasons. First, both instruments measured different aspects of 

the use of mathematics. Since the results of the content analysis represented only the use 

of mathematics as researchers reported in the journals, details about calculations and 

underlying theories were usually not included. Thus, foundational areas such as 

descriptive statistics, precalculus, and linear algebra were expected to be 

underrepresented.  
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Furthermore, the articles reviewed in the content analysis were published 

between 2000 and 2010, as opposed to 2015, when participants responded the survey. 

Given the fast pace of developments in genomics and large datasets analysis, results from 

the content analysis might have underrepresented advanced mathematics or advanced 

statics areas.  

In spite of these issues, there is still an overall consistency between the survey and 

the content analysis where two main trends can be identified: first, the more the 

advanced the mathematics or statistical area the least needed seems to be; and second, 

the DB subfield seems to need less mathematics than EEB. These trends can be explained 

by the use of different research approaches.  

On the one hand, as shown in the analysis of tasks in chapter 4, the experimental 

design approach strongly depends on the areas of descriptive and inferential statistics. 

Furthermore, the understanding of these two areas depends critically on some of the 

concepts involved in precalculus and calculus. On the other hand, the use of mathematical 

and statistical modeling, considerably less common, depended on more advanced areas, 

such as stochastic processes, differential equations, and dynamic systems.  

 Before discussing the implications of these trends on the curriculum, a few 

comments need to be made regarding the additional areas presented in Table 5-2. First, 

the format of the open-ended questions might have led to a certain level of 

underrepresentation of these areas, especially since the open-ended questions were 

optional and asked after the Likert-type items. Participants, for instance, might have 
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experienced a certain cognitive burden, and decided to skip the question or simply report 

only one or two areas they considered useful. These responses are however still 

significant, given the considerable number of participants who still reported the use of 

other areas, and since they were to some extent consistent with the content analysis.  

Second, although scientific programming is usually not considered a mathematical 

category, a considerable percentage of participants reported this competency as 

necessary in both areas. The interviews provided an insight regarding this competency, 

as the use of R was mentioned by some participants as the main environment to conduct 

their experiments. Furthermore, the code “scientific programming”, in the content 

analysis, represented explicit references to a large list of scientific software and included 

a large list of packages from different environments. Some of these packages were built 

upon well-known environments such as SAS, SPSS, R, and Matlab; and other packages 

were developed independently and were mainly used in molecular evolution such as 

BayesTraits, BEAST, and PAUP.  

Participants reporting scientific programming as useful, mentioned a number of 

difficulties such as coding in these environments, knowing how to use them, and what 

exactly were the assumptions they needed to make regarding the data they were 

analyzing.  

Last, the relevance of the remaining areas seemed to represent groups of 

individuals focused on particular research approaches. For example, the use of Bayesian 

statistics to improve the accuracy of classic statistical methods using prior data; the use 
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of multivariate statistics to identify groups of individuals in a population with common 

characteristics using multiple variables; or the use of discrete mathematics when 

analyzing networks and representation of rearrangements in the genome. 

The results from the open-ended questions from the survey and content analysis 

can also be used to describe in more detail what specific topics were needed within the 

general areas presented in Table 5-1 and Table 5-2. The mathematical needs as described 

by main topics within general areas are presented in Table 5-3 and Table 5-4. 

Table 5-3. Mathematical needs by main statistics topics 

Main topics Survey Content Analysis 

 DB  
N=54 

EEB  
N=260 

DB 
N=30 

EEB  
N=90 

Inferential stat 

Hypothesis Testing 13% 19% 30% 48% 

Regression and correlation 5% 6% 3% 47% 

Resampling - - 7% 22% 

Maximum likelihood - - 17% 19% 

Post-hoc tests - - 10% 6% 

Confidence interval - - 0% 9% 

Descriptive stat 

Summary statistics 2% 1% 20% 33% 

Stochastic processes 

Markov process/MCMC 2% 9% 7% 23% 

Multivariate statistics 

Principal component analysis - - 0% 9% 

Cluster analysis 2% 0% 0% 8% 
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Table 5-4. Mathematical needs by main mathematics topics 

Main topics Survey Content Analysis 

 DB  
N=54 

EEB  
N=260 

DB 
N=30 

EEB  
N=90 

Precalculus 

Proportions - - 20% 14% 

Inequalities and equations - - 3% 8% 

Elementary functions - - 0% 7% 

Basic Algebra 7% 8% - - 

Geometry 4% 2% - - 

Trigonometry 0% 2% - - 

Calculus 

Exponential and logarithmic functions 6% 7% 0% 39% 

Integrals and derivatives 0% 3% 3% 7% 

Multidimensional calculus 0% 1% 0% 7% 

Limits and continuity - - 0% 4% 

Rates of change 2% 0% - - 

Linear Algebra 

Scalars, vectors, matrices 0% 3% 7% 13% 

Eigenvalues and eigenvectors 0% 4% 0% 3% 

Differential Equations 

ODE 5% 1% 3% 3% 

PDE 2% 1% 7% 2% 

Dynamical Systems 

Test points, limit cycles and stability  2% 0% 3% 2% 

Graph theory 4% 3% - - 

Cell automaton model - - 3% 0% 

Recurrence equations - - 3% 1% 

 

Regarding the general areas, the percentages in Table 5-3 and Table 5-4 have a 

couple of limitations: first, in order to reduce the survey completion time, the open-ended 

questions were designed to elicit the use of mathematics in general areas; and second, 

the information about specific topics was, in general, an exception. Second, topics 
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considered foundational such as basic algebra or elementary functions are 

underrepresented since their implicit use was not coded.  

Despite these limitations, there are a couple of interesting trends that are worth 

noting regarding these results. First, in the statistics areas, most topics are consistent with 

the predominant use of experimental design, however, the use of Markov chain Monte 

Carlo and maximum likelihood estimation were associated with phylogenetic inference 

studies. Additionally, in the mathematics areas, the most popular topics were 

foundational topics, such as proportions, exponential and logarithmic functions and 

matrix operations. Interestingly, the use of rates of change, trigonometric functions, and 

graph theory was not identified in the content analysis.  

The required competencies in general areas as presented from Table 5-1 to Table 

5-4 seem to vary along two main dimensions represented in Figure 4-1. 
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In the first dimension, at least three different groups of biologists can be 

identified. The first group mostly focuses on qualitative observations, requiring a basic 

understanding of mathematics including proportions, geometrical calculations and 

algebra and descriptive statistics.  

The second group mainly use experimental design approaches to confirm 

theoretical claims. Competencies required by this group considerably vary as the 

statistical methodologies used also vary. Some of these biologists require a general 

understanding of descriptive and inferential statistics, using only one dependent variable 

in their experiments; others, require more advanced statistical tools including 

multivariate analysis of variance, principal component, survival or time series analyses 

which also entailed certain knowledge of linear algebra.  

Figure 5-1. Dimensions of mathematical needs 
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Last, some groups of biologists focus on using or developing mathematical or 

statistical models. Competencies required by this group varied depending on the 

modeling approach. Some biologists from this group with a more deterministic view use 

differential equations or discrete mathematics, and other scientists from this group use 

statistical models that require the understanding of topics such as stochastic processes, 

Bayesian statistics, game or decision theory. 

The dimension of depth, on the other hand, is related to the level of involvement 

biologists have with the theoretical underpinnings of the tools mentioned. On one end of 

the spectrum, some biologists use mathematics as a black box, depending on scientific 

software or have sufficient understanding of the main concepts in mathematics and 

statistics in order to collaborate with theoreticians or understand literature in the field.  

A second group of biologists along this dimension has a deeper understanding of 

the theory that allows them to know how to choose among different statistical methods 

and ensure the validity of the assumptions with the data used. A third group of biologists 

has a deeper understanding of the background theory of the methods they used but not 

enough to develop new theories. Finally, the last group requires a much deeper 

knowledge and understanding of underlying theories, since they focused on adjusting or 

developing new methodologies or models. The implications of these two dimensions of 

mathematical needs on the curriculum are part of the second research question, to be 

discussed as follows.  
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Research question 2: How are the mathematical needs aligned with the 

curriculum? 

A combination of mathematics curricula proposed by the NRC and MAA reports 

was used as a reference to discuss the mathematical needs of biological sciences 

students. The description of the curricula in these reports is organized by general areas 

and principles—such as data structure and rates of change. Due to the design of the 

instruments used in this study, the description of competencies by general areas was 

preferred.  

The content selections of the curriculum from both reports were collapsed into 

one joint list. This list is presented in Table 5-5, and contrasted with the student needs 

previously discussed.  Student needs are measured by the percentage of participants from 

the survey who considered the respective topic as useful or very useful and by the 

percentages of references to these areas found in journals from the content analysis. 
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Table 5-5. Students needs and the curriculum 

General Areas Combined Student needs 

 Curriculum DB EEB 

Descriptive stat X Highly needed Highly needed 

Inferential stat X Highly needed Highly needed 

Precalculus X Highly needed Highly needed 

Stochastic processes X Moderately needed Highly needed 

Calculus X Moderately needed Highly needed 

Linear algebra X Moderately needed Highly needed 

Differential equations X Mildly needed Highly needed 

Mathematics models X Mildly needed Highly needed 

Dynamic systems X Mildly needed Mildly needed 

Scientific programming  Mildly needed Mildly needed 

Bayesian stat  - Mildly needed 

Multivariate stat  - Mildly needed 

Discrete math  Mildly needed Mildly needed 

Numerical analysis  Mildly needed Mildly needed 
Categories based on the percentages of survey responses reported in Table 5-1 and Table 5-2. 

Highly required: 100%-70%; Moderately required: 69%-40%; and Mildly required: 39%-5%. 
 

 As can be seen in Table 5-5, the areas of precalculus, and descriptive and 

inferential statistics are aligned with the curriculum in both DB and EEB areas. The 

majority of participants agreed these two areas were required at their workplace. 

Additionally, as shown in Table 4-9, percentages for descriptive and inferential statistics 

were mainly represented by the response “very useful” which is the highest level in this 

Likert-type item in this study. These three areas are included in the combined curriculum, 

thus aligned with the acquired competencies.   

 For the remaining areas the differences between the needs of the DB and EEB 

fields are very clear; showing, as suspected, that EEB biologists require, in general, more 

advanced mathematics tools than those from the DB area. However, the combined 
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curriculum does not seem to acknowledge this difference, as if the curriculum were 

mainly designed for particular subfields in biology such as EEB. These differences and the 

differences within areas with respect to needs are mainly explained by the size of groups 

of biologists that focus on particular statistical or mathematical techniques, as shown in 

Table 4-16.  

Since the survey and content analysis were mainly designed to measured 

competencies by general areas, student needs by main topics presented in Table 5-3 and 

Table 5-4 were considered not completely reliable.  There are, however, a few comments 

that can be made regarding these.  

First, the reports include the topics of complex numbers and Fourier series. The 

topic of complex numbers was neither mentioned by any participant in the surveys, nor 

references were found in the articles from the content analysis. The topic of Fourier series 

was only found in the survey by only one participant. The use of this topic was in a very 

specific context such as structure determination of DNA and protein in crystallography. In 

contrast, the topics of resampling, maximum likelihood, and Markov Chain Monte Carlo 

were particularly needed in the EEB area; however, not explicitly mentioned in any of the 

reports. This represents a lack of alignment between student needs and the curriculum 

Implications for practice 

The overall analysis of students needs suggests the creation of a flexible 

curriculum that offers biological sciences students the opportunity of navigating 
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sequentially both dimensions illustrated in Figure 4-1. First, in the breadth dimension, the 

curriculum should offer students a survey of different research approaches in the field. 

This survey should start with an introduction to experimental design, given the 

predominant role this research approach has in the field. Second, in the depth dimension, 

once students have surveyed some of these research approaches, the curriculum should 

provide students with opportunities to focus on particular approaches in subsequent 

coursework according to their own interest. 

In this sense, and considering the time constraints of the college curriculum—

imposed by the large amount of competencies from other areas such as chemistry or 

physics already included in the curriculum—the alternative curriculum proposed by the 

MAA (Ganter & Barker, 2004) of a one-semester statistics course and a one-semester 

course that combines the main ideas of calculus and mathematics models seems most 

appropriate.  

The statistics course would prepare students to have a basic understanding of how 

to test theories against data ensuring statistical significance. Following Bialek and 

Botstein’s (2004) recommendation, the data used in this course should be relevant to the 

students to engage them with the usefulness of experimental design in biology.  

The calculus and modeling course, on the other hand, would give students an 

introduction to the use of mathematics models in their field. Following the design of 

recent calculus courses focused on modeling (Ledder, 2013), this course should avoid 
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emphasis on calculations and focus on conceptual understanding with applications to 

biological sciences, as much as possible. 

These two introductory courses would allow students to have a general idea of 

the use of experimental design in the field, and to be aware of the existence of alternative 

approaches in mathematical modeling. After this brief survey of approaches, students can 

pursue later a deeper understanding of a particular approach according to their own 

interest. As biologists surveyed in these study, some students after graduation might 

focus on qualitative approaches, lean on scientific software to analyze data and 

collaboration with other scientists, or others might pursue a deeper understanding of the 

theory and develop new statistical methods or mathematical models to understand or 

predict natural phenomena.  

The current undergrad curriculum in biological sciences at UT Austin has a core 

curriculum and additional prescribed work depending on the option pursued. Some of 

these options include EEB, cell and molecular biology, and neurobiology. The 

mathematical requirements for each option vary depending on the option, the main 

requirements organized by complexity are shown in Table 5-6. 
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Table 5-6. Quantitative requirements for biology majors at UT Austin 

Option Quantitative Requirements 

1. Teaching Calc I 

2. Neurobiology Calc I 

3. Microbiology and Infectious 

Diseases 

Calc I and Bio stat 

4. Cell and Molecular Biology Calc I and Bio stat 

5. Plant Biology Calc I and Bio stat 

6. Marine and Freshwater science Calc I and Calc II 

7. EEB Calc I; Calc II; and Bio stat 

8. Human Biology Calc I; Bio stat; and Calc II or Computational 

Biology 

9. Computational Biology Calc I; Calc II; Linear Algebra; and Stat II; Linear 

Scientific programming or numerical analysis 

Computational Biology I or Bio stat I 

 

These courses are renamed in order to simplify the analysis. They are grouped into 

four categories. First, there are two one-semester calculus courses with two different 

versions: a traditional version common to other majors such engineers and 

mathematicians; and a calculus for science majors with less emphasis on theoretical 

considerations and more on problem-solving skills.  

Second, there are two levels of statistics: an introductory course, tailored for 

biologists, that covers the main concepts of experimental design using biological data, 

and a more theoretical course focused on the main concepts of probability. Third, a one-

semester course in linear algebra, with two different versions one more theoretical than 

the other. Last, a few courses focused on scientific programming and numerical analysis 

techniques. 
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This curriculum offers students the opportunity to have a foundational knowledge 

of calculus tools key to mathematics modeling, and for some options to acquire a basic 

understanding of experimental design. Considering the results of this study, the design of 

the curriculum, however, raises a few questions.  

First, since the most consistent result regarding students’ required competencies 

was the central role that experimental design plays in the field, the decision of not 

including a biostatistics course for the options of teaching and neurobiology is at least 

debatable. Since in this study, these needs of students with respect to these two options 

were not investigated, the evaluation of this strategy is left for further research.  

Second, given the predominant role that participants gave to linear algebra and 

stochastic processes in the area of EEB, the lack of opportunities for students to explore 

the basics of these areas is not fully understood. It seems natural to emphasize the 

preparation of students in calculus tools required in differential equations, but this 

emphasis should not necessarily prevent students to pursue depth in the areas of 

statistical modeling such as the basic concepts of stochastic processes or Bayesian 

statistics.  

Third, a number of participants in the survey acknowledge the requirement of 

using statistics packages, a course that prepares students for the use of R seems very 

relevant; thus, it is not fully understood why human biology is the only option that offers 

students the course of computational biology.  
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Fourth, the discussion of the appropriate theoretical level emphasis of calculus 

courses is out of the scope of this dissertation; however, it is very relevant issue and a 

number of studies have recently acknowledged the need for investigating the 

effectiveness of different approaches  (Aikens & Dolan, 2014; Bressoud, Carlson, Mesa, & 

Rasmussen, 2013; Ledder, 2013).  

Limitations and further research 

The limitations of this study are mainly related to the constraints of time, 

resources, and participants’ availability. Each one of the instruments used in the study 

presented some limitations. The main limitations of the content analysis were the small 

sample size and the lack of control in the validity and reliability of coding. The small 

sample size prevented the assessment of statistical significance of the quantitative 

results. The reason why a larger sample size could not be considered was because of the 

difficulty of the open coding stage. This stage was particularly time-consuming due to the 

description of the relationship between mathematics and statistics tools and specific 

tasks.  

Open coding not only required a certain level of familiarity with mathematics and 

statistics but also with the general research context of EEB and DB, which were not the 

expertise of the author of this study who served as the coder. In order to supply this lack 

of expertise, ample literature in these areas was used to familiarize the coder with the 

context (Breed & Moore, 2011; Nei & Kumar, 2000; Reece et al., 2013; Smith & Smith, 
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2014; Whitlock & Schluter, 2008; Yang, 2014). The time-consuming aspects of this task 

also make more difficult the use of a second coder to ensure reliability.  

One way to address these limitations in further studies will be to focus the analysis 

on the mathematical categories instead of the associated tasks. This would allow the 

content analysis to be automatized, being the major undertake in this case the 

development of a reliable codebook that can be applied automatically through algorithms 

in a much larger sample. This automatization would allow the researcher to perform a 

comprehensive analysis of biological sciences, not only focusing on the EEB and DB 

subfields but rather all the subfields related.  

In the case of the survey, there were four main limitations: small sample size in 

the DB subfield, lack of randomization sampling in both EEB and DB subfields, lack of 

details in the Likert-type items, and absence of a second coder. The reasons for the lower 

response rate in the DB subfield are not fully known, although it is possible that the less 

natural connection between this subfield and mathematics could have drawn fewer 

participants. The lack of randomization and more detailed Likert-type items addressed 

design constraint of minimizing the time response of each survey in order to recruit more 

participants.  

Since the lowest response rates corresponded to the questions about the tasks 

related to each mathematics categories, one strategy to improve the sample size in 

further research would be to redesign the format of the questionnaire. This new design 

would focus on the categories of mathematics and statistics used by the participants 
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instead of the tasks. This can also be done using checklist questions instead of Likert-type 

items, as a way to facilitate responses.   

Regarding the last limitation identified in the survey, the presence of a second 

coder would have ensured the reliability and validity of the coding of the open-ended 

questions. However, time constraints and limited resources prevented hiring another 

researcher able to conduct an alternative coding of the responses. It is worth noting that 

this second coder should have a certain knowledge of both mathematics and biological 

sciences.  

 In the case of the interviews, its design was intended for an average of 15 minutes 

of completion time. This feature was intended to ensure the recruitment of enough 

participants to cover the different groups represented in the survey. A longer interview 

would have allowed the researcher to explore in more detail the views of participants 

regarding the different areas of mathematics and statistics. Since participants knew 

beforehand the length of the interview might have restricted their responses. Longer 

interviews would have the researcher to ask questions about each specific area arising in 

the interviews; this would have evoked in a more reliable way the recollection of tools 

that participants might have used in the workplace.  

The last limitation of the study was the reduced coverage of subfields and job 

positions in the discipline. In particular, the non-academic positions and the perception 

of mathematicians, and statisticians would have helped to obtain a more accurate 
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response to the research questions given the broad theoretical framework used to 

understand the different elements of the biological sciences curriculum. 

Finally, the two alternative sequences of calculus offered in UT Austin sets a 

perfect scenario for studying the effectiveness of theoretical versus more practical 

approaches; at the time that this dissertation was written no studies were found 

regarding this issue which constitutes an opportunity for further research. 
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APPENDIX A: SURVEY PILOT 

  
Survey version Area 

version 1 1 Developmental Biology (DB) professor 

 3 Professors from the education department 

 1 Math professor 

version 2 2 Ed grad student with bio background 

 1 DB postdoctoral researcher 

 1 EEB postdoctoral researcher 

 1 EEB professor 

 1 Ed professor from survey course 

 1 Biomath professor 

 1 Stat professor 

version 3 2 Biology grad students 

 2 Biology grad atudents 
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APPENDIX B: SURVEY QUESTIONNAIRE 
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APPENDIX C: INTERVIEW QUESTIONNAIRE 

1. Background Information 

a. How would you describe your current job and how long have you worked 

in it? 

2. Statistical Topics 

a. Can you elaborate on the type of statistical tools that you use the most in 

your workplace and the main activities for which these tools are useful? 

(Example: “I use hypothesis tests to compare phenotypes between 

different genetic conditions”) 

b. Are there any other statistical tools that you might eventually use in the 

future in your workplace? If so, what would be the main activities for 

which these tools would be useful? 

3. Non-statistical topics 

a. Can you elaborate on the type of math tools, other than statistics, that you 

use the most in your workplace and the main activities for which these 

tools are useful? (Example: “I use basic algebra sometimes for calculation 

of metabolic rates”) 

b. Are there any math tools other than statistics that you might eventually use 

in the future in your workplace? If so, what would be the main activities 

for which these tools would be useful? 

4. Academic preparation 

a. What was your academic preparation in math? (Example: I took two 

semesters of Calculus and Statistics in college, and a data analysis course 

as part of my Ph.D. coursework) 

b. Is there anything you would have liked to change about your mathematics 

preparation? 

c. What type of mathematical preparation do you think a biology major 

pursuing a similar career path as you needs to have?  

5. Comments  

a. Any comments that you would like to add regarding the use of 

mathematics or statistics at your workplace?  
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APPENDIX D: CONTENT ANALYSIS KEYWORD AND 

CODEBOOK 

Keyword: "equation" OR "equations" OR "mathematical" OR "mathematics" OR 

"mathematically" OR "cosine" OR "trigonometry"  OR "trigonometric" OR "exponential 

function" OR "logarithm" OR "logarithms" OR "logarithmic" OR "exponentially" OR 

"polynomial" OR "polynomials" OR "geometric series" OR "arithmetic series" OR 

"harmonic series" OR "p-series" OR "telescoping series" OR "taylor series" OR 

"differential equation" OR "differential equations" OR "standard deviation" OR 

"correlation coefficient" OR "Pearson product-moment correlation coefficient" OR 

"multiple regression" OR "parametric model" OR "parametric family" OR "finite-

dimensional model" OR "non-parametric" OR "semi-parametric" OR "semi-

nonparametric" OR "sampling" OR "test of hypothesis" OR "analysis of variance" OR 

"stochastic" OR "stochastic" OR "poisson process" OR "poisson processes " OR "markov 

process" OR "markov processes" OR "eigenvalue" OR "eigenvalues" OR "eigenvector" 

OR "eigenvectors" OR "limit cycles" OR "limit cycle" OR "phase plane analysis" OR 

"system of equations" OR "maximum-likelihood" OR "joint probability" OR "resampling" 

OR "transition probability" OR "Markov chain" OR "markov chain" OR "log-likelihood" 
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APPENDIX E: INSTITUTIONAL REVIEW BOARD PERMISSION 
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