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2 

 

 In the discussion, I propose that the three main characteristics of data science education 

are similar to the three main characteristics of data science: interdisciplinary, diversity of learners 

and multifaced discipline. 

The theoretical contributions of the research are a) Development of a theoretical framework 

of challenges and opportunities of data science education; b) Development of analysis frameworks 

for the comprehension of data science concepts; and c) Elaboration of the theory of 

interdisciplinary education, proposing a new interpretation for the term interdisciplinary pedagogy 

and introducing the concept open interdisciplinarity. The practical contribution of the research is 

the developments of new curriculum and teaching methods for data science. 
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1.4. Research importance 

The importance of the research stems from the increasing importance of data in everyday 

life, in industry and in research and the increasing importance of data science as a discipline of its 

own which leads to growing demands for data science educational frameworks for diverse 

populations of learners. 

1.5. Research contribution 

The theoretical contributions of the research are: 

1. Development of a theoretical framework of challenges and opportunities of data science 

education. 

2. Development of analysis frameworks for the comprehension of data science concepts. 

3. Elaboration of the theory of interdisciplinary education, proposing a new interpretation for the 

term interdisciplinary pedagogy and introducing the concept open interdisciplinarity. 

The practical contribution of the research is the developments of: 

1. New data science curricula for diverse populations of learners (e.g., high school pupils, and 

social science and digital humanities researchers). 

2. New teaching methods for data science. 

  

 

 

 

















 

 

12 

 

2.1.3.1. Exploratory data analysis  

Exploratory data analysis (EDA), whose source is in statistics, is used to find new patterns 

and relationship between variables by visualizing raw data and giving meaning to these 

visualizations (Tukey & others, 1977). In the context of research, exploration and visualization 

can uncover unknown patterns and relationships between variables that can reveal new knowledge. 

One well known example of visualization is the revealing of the source of cholera in the London 

epidemic in 1854 by John Snow, using a map showing the geographical spread of the cholera cases 

(see Figure 2.1). Another example is Goggle corelate, a tool used to find correlations between 

temporal search patterns of different terms to find correlations between phenomena (Mohebbi et 

al., 2011).  

 

Figure 2.1 - Map by John Snow showing the clusters of cholera cases in the London 

epidemic of 1854 (Snow, 1855) 

2.1.3.2. Machine learning as a research method 

ML algorithms, whose source is in computer science, have various research application. 

For example, ML algorithms can find complex and nonlinear relationship between variables. In 
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Paderborn in 2017 (Biehler & Schulte, 2018), and soon later, a draft data science curriculum for 

school pupils was published (Heinemann et al., 2018). Following this publication, the International 

Data Science in Schools Project (IDSSP) published a curricular framework for introductory high 

school data science curriculum (Fisher et al., 2019). In Los Angles, the Mobilize Introduction to 

Data Science program, currently implemented in 45 schools, aims to develop computational and 

statistical thinking skills so that pupils can access and analyze data from a variety of traditional 

and non-traditional sources (Gould et al., 2018).    

Other initiatives aim to expose school pupils to the power of data science in the form of 

extra-curricular programs. For example, Srikant and Aggarwal (2017) developed a half-day long 

data science tutorial for children in grades 5 through 9, which included the development of a friend 

predictor (i.e., a friend recommendation algorithm) and the implementation of a full cycle of data 

application development using a spreadsheet software. Dryer, Walia and Chattopadhyay (2018) 

developed a data mining workshop based on seven modules of data mining, big data, ethics, and 

privacy in which the pupils used RapidMiner, a graphical environment for data analysis. Haqqi et 

al., (2018) introduced Data Jam, a 4-month long competition aimed at introducing high school 

pupils to data science concepts. The program included teacher workshops, pupil workshops, 

homework assignments, projects, mentorship, field trips, and final posters and presentations. 

Bryant et al. (2019) presented a one-week long programming camp for middle school pupils with 

emphasis on data science, which included Python programming and data analysis tasks. 

2.2.3. Machine learning education 

ML is one of the effective methods for modeling huge and complex data. As a research 

field, it is located in the intersection of statistics and computer science (see Figure 2.2). Unlike 

traditional parametric modeling, which presumes an underlying statistical behavior model of the 

researched phenomena and aims to fit the best parameters of this model, ML models learn from 

experience (Goodfellow et al., 2016) and can learn complex data patterns directly from raw data. 

In the context of data science, ML modeling is a significant phase of the data science workflow 

(Berman et al., 2018). ML requires understanding of advanced mathematical and computer science 

knowledge and therefore, is a complex topic for teaching and learning.  

While ML education is significant part of data science education, it is also discussed 

separately in the contexts of computer science education, statistical education, and application 
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domains education. In this section I elaborate on this research. it is important to note though, that 

while on the one hand, ML is usually described as the field created in the intersection of computer 

science and statistics (see Figure 2.2), on the other hand, ML education builds on the application 

domain knowledge, and hence should be considered as data science education. However, in this 

thesis, I will follow the convention related to ML education and data science education in any 

specific context I discuss. 

Researchers identify three types of ML learners: majors, non-majors, and users (Bhatt et 

al., 2020; Sulmont et al., 2019b): majors, non-majors, and users. 

Majors are students who major in disciplines such as electrical engineering, computer 

science, or data science and have an extensive mathematical background that enables them to learn 

ML algorithms with all of their mathematical details. Such learning is commonly referred to as 

learning ML as a white box (Georgiopoulos et al., 2009).  

Non-majors are students from other disciplines, such as social sciences or life sciences, 

who usually lack the mathematical background required for learning ML algorithms with all their 

mathematical details, and so usually learn ML algorithms as a black box.  

Users of ML algorithms need to understand ML as part of their professional or day to day 

life, i.e., physicians who use ML algorithms as diagnostic tools or business managers who uses 

ML algorithms for financial decision making. While the goal of ML curricula for majors and non-

majors is to teach how the ML algorithms work and how to generate new ML applications, the 

goal of ML curricula for users is to teach the functionality and limitations of the ML algorithms, 

including the interpretation of their output and predictions.  

In this section I present the educational challenges of ML for majors (Section 2.2.3.1), non-

majors (Section 2.2.3.2). 

2.2.3.1. Machine learning for data science majors and allied majors 

Data science programs require extensive knowledge and skills in mathematics, statistics, 

and computer science (P. Anderson et al., 2014; Danyluk & Leidig, 2021; De Veaux et al., 2017; 

Demchenko et al., 2016). In particular, ML requires an understanding of the algorithms 

themselves, as well as a broader view of the algorithms in the context of the application domain. 

Such understanding requires knowledge about the role of ML as a component of the data science 
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or a lecturer in a variety of environments: high schools, IDF and academia (see Table 3.1, cases 4-

21). The researcher also participated as an observer in the capstone course of fourth year 

undergraduate electrical engineering students (see Table 3.1, case 22). In all cases, data were 

collected by qualitive and quantitative tools (see Section 3.6). 

The reflect phase of action research overlaps the code and categorize phases of grounded 

research. In details, the coding of the collected data and its categorization led to the identification 

and gradual understanding of the challenges and opportunities of data science education.  

Finally, each research cycle is closed, and the next cycle starts by using the knowledge 

encapsulated in data science education challenges and opportunities framework (see Chapter 5), 

developed in the previous cycles, for the improvement of existing curricula and for the 

development of new curricula and teaching methods.  

Beyond the actual application of the different research phases in several cycles, the thesis, 

presented in Chapter 4, was developed gradually. Specifically, based on and in parallel to this 

gradual understanding of the challenges and opportunities, and the applications of these findings 

for the improvement of existing curricula and for the development of new curricula and teaching 

methods in different learning environments, the following thesis was developed and formulated 

gradually  : It is essential to develop data science education as an interdisciplinary field of its own, 

relying on the principles of interdisciplinary education, and the integration of knowledge from the 

disciplines of mathematics education, computer science education, statistics education, and the 

application domain education.  
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3.5. Research population 

Research participants included high school pupils, soldiers, undergraduate students, 

computer science high school teachers, graduate students, and faculty members at research 

universities (see Table 3.2).  

Table 3.2 - Research population 

Educational 

level 

Population Number of 

participants 

High school Pupils 72 

Professional 

development 

Soldiers 60 

Undergraduates Data science 70 

Allied to data science (i.e., computer science, electrical 

engineering) 

104 

Other disciplines (i.e., social science) 10 

Professional 

development 

for graduates 

Computer science high school preservice and in-service 

teachers 

141 

Graduates Other disciplines (i.e., social science) 110 

Staff members Data science 10 

Other disciplines (i.e., social science) 14 

Total 591 
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avoided and replaced by terms such as credibility, trustworthiness, truth, value, applicability, 

consistency, and confirmability, when referring to evaluation criteria of the scientific merit of 

qualitative research (Brink, 1993). As part of the current discussion, I would suggest another 

angle for the examination of these terms: internal and external validity (Denzin, 2017). In the 

context of qualitative research, internal validity refers to the extent to which research findings 

are a true representation of reality, and therefore is similar to validity; external validity refers 

to the degree to which such representations of reality can be applicable across groups, and 

therefore similar to reliability  

Table 3.5 - Validity and reliability in different disciplines and research paradigms  

Discipline Validity Reliability 

Statistics Bias Variance 

Machine learning Training error Test error 

Qualitative research Internal validity External validity 

 

3.10. Research limitations 

In this section, I list the research limitations: 

1) Despite the fact that the research scope is comprehensive in terms of populations (see Table 

3.1), it still does not cover all the potential populations of data science learners, e.g., 

practitioners in the industry, in governmental offices and ministries, and in local 

authorities.  

2) In most of the cases presented in Table 3.1) the researcher was involved either as a student, 

curriculum developer, teacher, or lecturer, a fact that might decrease the objectivity of the 

research.  

3) Groups 4-7 (data science course for 10th grade pupils) and 8-10 (deep learning course for 

11th-12th grade pupils) of Table 3.1 learned in one school, with pupils of high learning skills 
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4. Findings 

In this section, I present my thesis, according to it, in parallel to the development of data science 

as a profession and a research field, it is essential to develop data science education as an 

interdisciplinary field of its own, relying on the principles of interdisciplinary education, and the 

integration of knowledge from the disciplines of mathematics education, computer science 

education, statistics education, and the application domain education. This thesis is derived from 

the understanding that a) data science raises new educational challenges and opportunities; b) the 

mitigation of these challenges and the leverage of these opportunities require an interdisciplinary 

approach; and c) a disciplinary perspective (which is based on the educational disciplines of the 

disciplines that compose data science) is not sufficient for the mitigation of these challenges and 

the leverage of these opportunities. 

The thesis has emerged gradually, based on iterative process of data collection and analysis 

conducted during the entire research process (described in Section 3.4). From the many evidence 

that could illustrate the thesis, I chose six case studies, presented in this chapter. Each case study 

highlights a challenge and an opportunity of data science education, for which an interdisciplinary 

approach is required to mitigate the challenge and/or to leverage the opportunity. The case studies 

are presented by three categories - cognitive, social, and pedagogical - according to the educational 

theories on which they are based (see Table 2.1). Table 4.1 details the case studies presented in 

this chapter and the challenges and opportunities each case study demonstrates.  

After the presentation of the six case studies (Sections 4.1-4.6), I conclude this section in 

Section 4.7 by a) Table 4.24 which summarizes the insights regarding the field of data science 

education derived from all six case studies and b) strengthening  my thesis based on the reports of 

the data science education committees (see Section 2.2.1).   

Note: The presented case studies are based on papers co-authored (either submitted or published) 

in the past three years. Therefore, in the description of the case studies I use a plural form (we).   
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disciplines. Using cross-disciplinary teams is one way to make sure a project team includes 

specialists in all required disciplines (Othman et al., 2017). 

Working in cross- or interdisciplinary teams, however, is not always possible, and in many 

cases significant knowledge gaps exist within the project team in one or more of the project 

domains (Setiawan, 2019).  

This section presents a case study of fourth-year electrical engineering students are 

working in pairs on biomedical signal processing projects (case 22 in Table 3.1, p. 38). Such 

projects are evidently interdisciplinary. The teams, however, are homogeneous and the students 

lack essential medical expertise required to achieve solutions applicable by physicians. 

Furthermore, the students acknowledge this knowledge gap only in the advanced phases of the 

project, and so critical phases, such as goal setting and planning, are performed without the 

required knowledge. 

In this case study, the domain neglect bias was first identified. Following this case study, 

an experiment to quantify the domain neglect bias was designed and performed, and its results are 

presented in the next section (4.1.2).  

4.1.1.1. Biomedical Signal Processing 

Biomedical signal processing is an interdisciplinary field focused on algorithms and 

methods whose purposes are to make medical decisions based on biomedical data and to pre-

process signals to improve the quality of those decisions. Biomedical signal processing is an 

interdisciplinary science lying in the intersection of electrical engineering, math and statistics, and 

biomedical science.  

From an image processing perspective, the treatment of medical images is inherently 

different compared with that of everyday life images (such as for entertainment purposes) in the 

sense that the diagnostic medical information must be preserved in order to protect patients from 

potentially harmful situations. Considering this requirement, collaboration with radiologists is 

crucial when developing and testing the performance of medical data algorithms. For example, in 

the field of image processing, mathematical fidelity criteria are commonly used to assess processed 

images with respect to desired results. When dealing with medical images, however, these criteria 

are insufficient, and images should also undergo subjective evaluation tests by specialist 
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well. Even though both machines may err with the same probability, 0.001, since SCC is a more 

severe disease than BSS, the consequences of errors in this case are worse. As in the traffic light 

question, students were given five optional answers and were asked to explain their multiple-

choice question in an open question. 

The questions were presented to the research participants using questionnaires. The traffic 

light classification question was answered by 226 participants. Detailed divide of the participants 

by population is presented in Table 4.7. 

Table 4.7 - Number of answers to the traffic light classification question and to the 

carcinoma classification question 

Population Number of answers 

to the traffic light 

classification 

question 

Number of answers 

to the carcinoma 

classification 

question 

Data science, computer science and electrical 

engineering undergraduate students 

104 101 

Computer science teachers 59 52 

Social science and digital humanities 

graduate students and researchers 

59 52 

Total 222 205 

 

4.1.2.2. Domain neglect experiment results 

The distribution of answers to the traffic light classification question for all populations is 

presented in Figure 4.1. Answers were classified into three groups: 46% thought that Machine A 

(which errs on green light) performs better than Machine B; 30% thought Machine B (which errs 

on the red light) performs better (26%) or the same as Machine A (4%) as Machine A; and 24% 

indicated that they cannot answer the question either because data is missing (20%) or they do not 

know (4%).   
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Figure 4.3 - Traffic light classification: Number of answers (X-axis) by explanation types 

(n=197) 

 

A total of 205 participants answered the carcinoma classification question (see Table 4.6). 

Most of them (58%) did not select one of the classifiers, but rather stated that there was not enough 

data to answer (41%) or that they do not know the answer (17%). More than one third of the 

participants (37%), however, indicated that the two machines performed equally well, ignoring the 

(possible) real-world difference in severity between the two types of carcinoma. Only a few 

students choose either Machine A or Machine B. 

 

Figure 4.4 - Distribution of answers to the carcinoma classification question (N=205) 
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explanations for the traffic light classification question, participants who answered that data is 

missing were using considerations from all three categories. With respect to the traffic light 

classification question, significantly less students debated regarding the correct answer.  

 

Figure 4.6 - Carcinoma classification question: Number of answers (X-axis) by explanation 

types (n=170) 

Finally, it is interesting to compare the types of explanations participants gave for the traffic 

light classification with those given for the carcinoma classification (see Figure 4.7, the 

background color is according to the color of the column and the color of the frame is according 

to the color of the row). Most of the participants who used mathematical explanations for the traffic 

light classification question also used mathematical explanations for the carcinoma classification 

question (41 out of 47). The pattern is different for participants who used domain explanations or 

debated when explaining the traffic light classification question. While about two thirds of the 

participants used domain explanations in both cases (73 out of 109), about one quarter (28 out of 

109) of the participants who used domain explanations for the traffic light classification question 

used mathematical explanation when explaining their answer to the carcinoma classification 

question; participants who debated when explaining the traffic light classification question answer, 

gave either mathematical explanations (7 out of  14) or domain explanations (5 out of  14) when 

explaining their answer to the carcinoma classification question. The explanation of two 

participants debated in both questions.    
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Figure 4.7 - Explanation types: Traffic light classification question vs. carcinoma 

classification question (n=170)  

4.1.2.3. Discussion 

From a research perspective, the questions designed for the research: the traffic light 

classification question and the carcinoma classification question, can be viewed as cognitive 

experiments. Like other cognitive experiments that, for example, request subjects to select one of 

two given investments with different interest and risk levels to invest in (Hertwig et al., 2004), our 

questionnaire presents two ML algorithms with different performances and asks participants to 

determine which is better (see Table 4.5 and Table 4.6). 

Researchers distinguish between two types of such experiments: description-based 

decisions and experience-based decisions (Hertwig et al., 2004; Kudryavtsev & Pavlodsky, 2012). 

These terms refer to how the question is formulated when it is presented to the research 

participants. In description-based decision type questions, subjects receive, for example, a verbal 

description of two investments and, based on this description, must choose one. In experience-

based decision type questions, subjects may receive, for example, the opportunity to (virtually) 

invest in the two investments being compared and are asked to choose their preferred investment 

after gaining some personal experience and learning how the investments behave. Researchers 
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4.1.3. Conclusion 

This case study demonstrates two challenges of data science education. The first part, 

biomedical signal processing projects (Section 4.1.1), demonstrates the challenge of mentoring 

learners who are not specialists in the application domain, a project development in an 

interdisciplinary project-based learning (PBL) environment. Based on my teaching experience 

with other populations (see Table 3.2 - Research population), PBL challenges several populations 

of data science learners including high school pupils, computer science and electrical engineering 

undergraduate students, data science majors without a specialization in an application domain and 

computer science teachers. The second part of this case study, which presents the domain neglect 

bias (Section 4.1.2), demonstrates that it is challenging to integrate the application domain 

knowledge in the context of data science education.    

As part of the thesis justification, I now explain why these challenges are not traditionally 

addressed by the educational communities of each of the disciplines whose intersection creates 

data science. My thesis states that it is essential to develop data science education as an 

interdisciplinary field of its own, relying on the principles of interdisciplinary education, and the 

integration of knowledge from the disciplines of mathematics education, computer science 

education, statistics education, and the application domain education. The thesis is justified as 

none of the generating fields of data science education, alone, deals with all the challenges. 

Moreover, some challenges and opportunities are not addressed by any of the generating fields of 

the proposed discipline of data science education. In this case study, I assert that statistical 

education, mathematics education, computer science education and application domain education 

do not deal with the challenges of interdisciplinary project-based learning and integration of the 

application domain knowledge.  

In the context of statistical education, statistical thinking emphasizes the importance of the 

context of a given problem when performing statistical investigations and drawing conclusions 

(Ben-Zvi & Garfield, 2004). In the context of computer science education, computational thinking 

emphasizes problem formulation, problem decomposition, abstraction, and generalization (Wing, 

2006). Interdisciplinarity is not in the focus of computer science education (Mike & Hazzan, 2022), 

and therefore, the challenges of integrating the application domain knowledge and 

interdisciplinary project-based learning are not discussed, researched and mitigated in the context 
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of computer science education. In the context of the application domain education, the focus is on 

application domain knowledge, not on the integration of this knowledge in the data science 

workflow, as is demonstrated in this case study in the contexts of PBL and machine learning. 

Therefore, only statistical education and interdisciplinary education deals with the challenges of 

interdisciplinary projects based learning and integrating the application domain knowledge.   

The interdisciplinary approach of data science education not only mitigates these 

challenges, as demonstrated in the case of biomedical signal processing projects (Section 4.1.1), 

but also presents a new opportunity of teaching STEM with real-world context. As data science 

projects always integrate real-world context of some application domain, teaching STEM subjects 

(for example computer science) in the context of data science leverages the opportunity of giving 

context to these STEM subjects.  
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Table 4.13 - Comparison of answer distribution by population 

Population 1 Computer science, 

electrical 

engineering, and 

data science 

undergraduate 

students 

Social science and 

digital humanities 

researchers 

 

Computer science 

high school teachers 

Population 2 Social science and 

digital humanities 

researchers 

 

Computer science 

high school teachers 

Computer science, 

electrical 

engineering, and 

data science 

undergraduate 

students 

Lion classification 

phase 1 

p=0.04 (*) p=0.00 (*) p=0.04 (*) 

Lion classification 

phase 2 

p=0.11 p=0.00 (*) p=0.00 (*) 

Tomato disease 

classification 

p=0.54 p=0.00 (*) p=0.00 (*) 

(*) significant p<0.05 

4.2.5. Discussion 

The ubiquity of ML algorithms in decision-making processes and the importance of ML 

interpretability and explainability is this context prompt ML researchers to develop new methods 

to better interpret and measure the performance of ML algorithms. There are, however, two side 

to ML interpretability and explainability: the machine and human beings. Advancing ML 

interpretability and explainability is, therefore, not the sole responsibility of ML researchers, but 

also of ML educators.  

The questions presented (Table 4.9 and Table 4.10) can be used not only for research but 

also for teaching. The questionnaire is used as a pre-lesson activity for the topic of ML algorithm 

performance measurement. This pre-lesson activity reflects to the students their own biases and 

can, thus, enhance their understanding of the broad considerations required when implementing 

ML algorithms in real-world applications. There is a need to develop and share additional teaching 

methods for this important topic.  
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4.2.6. Conclusion 

This case study demonstrates three challenges of data science education. First, it 

demonstrates the challenges of lack of statistical knowledge. Many of the participants in the first 

phase who answered the lion question correctly explained their answer using Bayes theorem, that 

is, used their knowledge in statistics to interpret correctly the performance of the ML classifier. 

Therefore, statistical knowledge can migrate the base rate neglect bias. It is also evident that 

computer science teacher, who have significantly higher mistake rate than the other populations, 

lack the (statistical) Content Knowledge (CK) and the (statistical) Pedagogical Content Knowledge 

(PCK), required to practice and teach (respectively) data science. In Case Study 6 (the pedagogical 

chasm), I will elaborate on these challenges.  

It can be seen that in the second phase, the tomato question, phrased with frequencies 

instead of probabilities, mitigated the base ate neglect for computer science, electrical engineering 

and data science undergraduate students. This pedagogical strategy, borrowed from statistical 

education, should be integrated into data science education. In computer science education or 

application domain education, however, there is no research and pedagogical methods to mitigate 

the base rate neglect bias. Moreover, computer science teachers do not have the required content 

knowledge in statistics and do not have the required pedagogical content knowledge in statistical 

education. Therefore, an interdisciplinary approach is required in data science teacher preparation.   

Such an interdisciplinary approach not only mitigates the challenges, but also fosters new 

opportunities. This case study demonstrates the opportunity of teaching statistical literacy in the 

context of data science.  
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4.3.1. Relevancy of data science for social science and digital humanities researchers 

We live in the age of huge amounts data created by humans and machines. Humans create 

text, audio, photos, films and other types of data and share them in a variety of social networks. 

For example, 326 million new users joined social media between April 2021 and April 2022, 

equating to growth of almost 900,000 new users every day (Digital around the World, 2022). 

Machines generate and collect data about many facets of our lives: health, economy, education, 

transportation, meteorology, and so on. Wearable healthcare sensors, for example, can collect 

continuously data about pulse rate, blood pressure and other vital signs. These data can be analyzed 

to monitor the health status and to predict sickness. Accessible to all, regardless of socioeconomic 

status, location and nationality, social media collect data on people's interests, preference and other 

human characteristics that, in turn, can be used to predict changes in the social sphere and political 

trends.  

Whether created by humans or machines, data are relevant for researchers in the social 

sciences and digital humanities. Text is one key data type in which researchers from both the social 

sciences and digital humanities are interested. As data, texts attract considerable attention not only 

in academia but also in the industry since they represent the most prevalent form of data available 

for both academic research and commercial applications.  

As mentioned, the demand for data science education increases, leading to the opening of 

multiple academic courses, massive open online courses (MOOCs) and other programs that teach 

a wide range of learners (in terms of ages, occupations and education levels) in different levels of 

depth (Berman et al., 2018). With regard to education for adults, on one end of the spectrum lie 

academic programs for data scientists that include advanced mathematics, statistics and computer 

science, for both undergraduates and graduates(P. Anderson et al., 2014; Danyluk & Leidig, 2021; 

De Veaux et al., 2017; Demchenko et al., 2016). Undergraduate programs that integrate data 

science with another disciplines are also available (Havill, 2019; Khuri et al., 2017; Plaue & Cook, 

2015). On the other end of the spectrum, we find experts in various disciplines who need data 

science skills to improve their professional work and to remain relevant in the information age.  

This case study focuses on the second population, and specifically on researchers in social 

sciences and digital humanities who are experts in their disciplines but at the same time, in most 

cases, novices without background in the other two main components of data science, that is, 
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the use of the tools acquired in their own research. Thus, even though most workshop participants 

had no or only little programming experience, and most perceived programming as a challenge, 

they were not discouraged from participation in the data science workshop, as it was perceived as 

more connected to data collection and analysis rather than to programming. In other words, though 

the workshop did include a considerable programming component, this was not perceived as a 

barrier, as it is sometimes perceived in more intensive computer science courses (Klawe, 2015; 

Kordaki & Berdousis, 2020), and thus, the participants did not have any reason to question their 

success in the workshop and were motivated to participate in it even without prior programming 

experience. 

4.3.4.2. Subjective Task Value 

Subjective task value is divided into four categories: interest value, utility value, attainment 

value and relative cost. Two of these categories are relevant to our data analysis: utility value and 

relative cost.  

Utility Value 

Utility value is the value that the specific task achievement will contribute to the overall 

goals of the individual. As this was seen as one of the most important motivation factors in our 

case study, we inductively analyzed our data from this perspective.  

Based on a qualitative analysis of all the open-ended questions two major themes emerged 

as salient for the women researchers. The first theme is skill acquisition and specifically the ability 

to develop independence in future research that is methodologically based on data science tools. 

Only two men (out of 45) respondents addressed this issue. The second theme centered on data 

science as a cutting-edge field, reflecting back on the positionality of the researchers engaging in 

it and labeling them as more scientific. This perception represented a quality label attached to data 

science and endorsed by the women researchers. This theme also revealed a highly gendered 

pattern with 34 references by women (out of 119) researchers and only two from men (out of 45). 

In what follows, we further elaborate on these two themes.  

Skill acquisition and independence in future research 

When referring to their purpose in joining the workshop, almost all women researchers 

described their wish to acquire new tools for research and thereby gain access to a new 
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Women preferred the face-to-face format (M=3.23, n=34) more than did men (M=2.84, n=13) 

while men preferred the online workshop (M=3.27, n=11) more than did women (M=2.6, n=33). 

A two-way ANOVA was conducted that examined the effect of gender and format (face-to-face, 

online) on preference. The results F (1, 87) = 2.87, p = .094, however, did not reveal statistical 

significance.  

Due to COVID-19 social distance restrictions, we held an online workshop, and selected a 

hybrid format with asynchronous lectures and synchronous practice. Even though this format was 

not initially preferred by women, it was more similar to the preferred face-to-face format than the 

fully asynchronous option offered by MOOCs. Considering the importance, the participates 

attached to data science knowledge, we may conclude that the second workshop format was 

preferable to a MOOC, for example, since it reduced the relative cost of attending a fully a-

synchronic course.   

 

Figure 4.18 - Preferred workshop format by gender 

4.3.5. Discussion  

A generic data science curriculum can focus on computer science, mathematics and 

statistics knowledge and skills, with a capstone course integrating a real-life application domain(P. 

Anderson et al., 2014; Danyluk & Leidig, 2021; De Veaux et al., 2017; Demchenko et al., 2016). 

When data science is integrated with the studies of specific application domains, a more integrative 

approach can be taken (Anderson et al., 2014; Khuri et al., 2017). The presented workshop is based 
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4.5.10. Conclusion 

This case study demonstrates the challenge lack of mathematical knowledge. Ignoring this 

mathematical gap results in insufficient understanding of core concepts of machine learning and 

data science. This gap in mathematical knowledge of non-major data science learners in not 

discussed in the context of mathematics education nor in the context of computer science 

education. Moreover, this case study presents that an interdisciplinary approach, using theories 

from mathematical education to solve pedagogical challenges in machine learning education, can 

be beneficial for the learners. Such an interdisciplinary approach can be attained with data science 

education.    

The term interdisciplinary pedagogy is discussed in the literature mostly as a synonym to 

interdisciplinary education, for example see Cargill, 2005 and Penny, 2009. Others define 

interdisciplinary pedagogy as an integrative pedagogical approach based on pedagogies of 

different disciplines (Chesley et al., 2018). In the spirit of interdisciplinary education, defined in 

section 2.1.4 as understanding the interconnections between the disciplines and being able to solve 

problems that require applying knowledge and methods from each discipline, interdisciplinary 

pedagogy can be defined as solving pedagogical challenges in interdisciplinary education based 

on the integration of pedagogical methods from each of the disciplines. This case study 

demonstrates the opportunity of interdisciplinary pedagogy, using theories and practices borrowed 

from mathematical education to support learning of ML algorithms.  
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4.6. Case study 6 - The pedagogical chasm 

This case study describes the adoption of a new data science curricula developed for high 

school computer science pupils by high school teachers (Cases 4-10,15,16 in Table 3.1). As an 

interdisciplinary profession, data science poses many challenges for teachers. This case study 

describes our experience with high school computer science teachers and shows that most teachers 

do not tend to adopt the Israeli data science curriculum.  

In this case study I analyze this phenomenon from the perspective of the diffusion of 

innovation and crossing-the-chasm theories. I first present the diffusion of innovation theory 

(Section 4.6.1) and crossing-the-chasm theory (Section 0). Next, I present the data science for high 

school curriculum case study (Section 4.6.3) and the data collected from the teachers (Section 

4.6.4). Data analysis reveals that in the case of adoption of new curriculum there is a pedagogical 

chasm (e.g., a pedagogical challenge that reduces the motivation of the majority of the teachers to 

adopt the curriculum) that slows the adoption of innovation process (Section 4.6.5). Finally, I 

discuss the results of this case study in the perspective of the islands of innovation in education 

phenomena (Section 4.6.6) and the implications of the pedagogical chasm to data science 

education (Section 4.6.7). 

4.6.1. Diffusion of Innovation theory  

The diffusion of innovation theory was proposed by Rogers based on a study of the 

diffusion of agriculture technologies in rural farms in the United States about 100 years ago 

(Rogers, 1962). Nevertheless, this theory is still used today to explain the diffusion of current 

technologies and innovations. According to this theory, innovations spread in society by flowing 

from one of five distinct groups of adopters to the next: 

Innovators: This group is characterized by enthusiasm for innovation. Its members value 

the innovativeness of the product and are the first to understand the value of the new technology 

over existing ones. Innovators are willing to embrace innovation even if a lot of effort is required 

to use it due to its premature nature. 

Early adopters: Early adopters are ready to take risks and embrace innovation at the early 

stages of innovation maturation. This group is characterized by the ability to quickly identify the 

added value of the innovation and harness it in favor of a larger vision. The early adopters are not 

looking for improvement, but rather, promote a vision that is a breakthrough. Innovation for them 
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4.6.2. Crossing the Chasm theory  

While some innovations diffuse according to the diffusion of innovation theory, the 

diffusion rate of other innovations drops before they reach a high level of acceptance. According 

to the crossing-the-chasm theory, this effect can be caused by discontinuity of the flow of 

innovation between the early market (Innovators and Early Adopters) and the mainstream market 

(Early and Late Majority) (Moore, 2002). Since these two groups (early market and the mainstream 

market) have different adoption characteristics, there is a chasm between them. This chasm stems 

from the fact that innovation mainstream market adopters rely on recommendations and the 

adoption experience of other adopters in the same market, and not on the adoption experience of 

the early market. Mainstream market adopters simply understand that early market adopters are 

willing to adopt innovations that are not mature enough for them. The chasm causes a reduction in 

the adoption rate of the innovation after it has been adopted by the early market and leads to its 

failure to penetrate the central market.  

Moore (2002) defines two types of innovation: continuous innovation and disruptive 

innovation. Continuous innovation is defined as innovation that aims to upgrade existing 

capabilities of a product without requiring the adopters to change their behavior (e.g., replacing a 

mobile phone keyboard with a touch screen). Disruptive innovation is defined as innovation that 

requires the adopters to change their behavior in order to use it (e.g., replacing a mobile phone 

keyboard with a voice-operated virtual assistant). While early market adopters are willing to adopt 

disruptive innovations, central market adopters are only willing to adopt continuous innovations. 

The central market will adopt a disruptive innovation when it reaches a level of maturity, and its 

compatibility allows the members of the central market to adopt it with no substantial change in 

the way they operate. 

4.6.3. The data science curriculum case study from the diffusion of innovation perspective   

A three-year program in data science and machine learning designed for 10th to 12th grade 

computer science pupils was approved in Israel in 2019 after three years of pilot implementation 

(Mike, Hazan and Hazzan, 2020). The program was integrated into the current, official Israeli high 

school computer science curriculum, which has been updated on a regular basis since 1998, when 

it was first implemented (Gal-Ezer et al., 1995). These updates include both new content as well 
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