
Computational Thinking in the Formation of Engineers: Year 2  

Introduction 

In the United States, engineering students spend four or more years studying mathematics, 

science, and engineering topics that provide breadth and depth in a field of study. The structure 

of the engineering curriculum is not nationally standardized but accreditation requirements, 

professional society guidelines, and input from industrial advisory committees all help 

universities develop robust curricula that continue to produce graduates prepared to design 

systems around multiple realistic constraints using modern tools and practices [1] [2]. Central to 

this modern design practice is the use of computers to collect and analyze data, as well as to 

calculate solutions to numerical problems or automate control processes. Not all engineers use 

computers in the same way. In some engineering fields, the use of spreadsheets and statistical 

software may be sufficient, while in other fields proficiency in software development must be 

established. A unifying theme, however, is successful development of a set of computational 

thinking skills that enable innovative design [3] [4].  

A computational thinker can decompose problems into smaller and more manageable subparts, 

create abstract models for each subpart, choose appropriate data representations to support the 

models, write algorithms to manipulate the models and automate solutions, and understand the 

impact of the computing solution on the society of users. At many institutions, first-year 

engineering courses introduce these ideas in computational thinking and prior work discovered 

these courses can be a barrier to enculturation as an engineer [5]. Students find computational 

thinking topics difficult to master. And social identity as well as inequities in high-school 

preparation and technology access all add variables to the first-year experience that can impede 

the progress of students [6] [7] [8].  

This mixed-methods research project seeks improvements in the way computational thinking is 

taught in college level engineering courses by understanding the multiple factors that affect 

computational thinking development. The overarching goal is helping students from a wide 

variety of social identities succeed in enculturation as an engineer. The research is guided by 

three fundamental research questions:  

1) How does the integration of computing into the foundational engineering courses affect 

the formation of engineers?  

2) In what ways do social identities (e.g., gender, ethnicity, first-generation status, 

socioeconomic status), choices (e.g., major, transfer status), and other factors impact the 

engineering student experience with computational thinking?  

3) In what ways do computational thinking skills develop over time in engineering students?  

Instrument Validation 

Over the past two years, the research project sought answers to questions one and two while 

gathering longitudinal data for question three. The first major research result from year two is 

the successful validation of a quantitative multiple-choice instrument that can measure pre-post 

computational thinking skills in students. As reported previously, the initial effort in the first 



project year focused on the development of this Engineering Computational Thinking Diagnostic 

(ECTD) [9] [10]. Initial validation attempts on two beta versions with fifteen questions each 

resulted in statistical factor analysis suggesting the need to edit question and distractor text. A 

new version with the questions that performed best in factor analysis was formed with edited 

question and distractor text. The new ECTD was tested in Spring 2021. Exploratory factor 

analysis was again conducted by the statistical consultant. All eigenvalues and correlations 

between items confirmed the instrument validated against a single factor called computational 

thinking [11].  

An example ECTD question testing algorithmic skill is shown in Example 1 with the correct 

answer in bold.   

A computer program counts the number of times each word appears in a text file. 

The program converts all words to lowercase and prints an alphabetized table of 

words and counts. For example, if the word “the” appears 20 times, and the word 

“The” appears 34 times, then the final table of words must include the word “the” 

and the count 54. Which set of ordered steps represents a correct solution? 

A. count words, sort words, print table  

B. sort words, count words, convert words to lower case, print table  

C. count words, convert words to lower case, print table  

D. convert words to lower case, sort words, count words, print table  

E. sort words, count words, print table  

Example 1: An instrument question designed to test algorithmic skill 

The key requirement in this question is an alphabetically sorted list of words without variation in 

capitalization. This requires an algorithm that includes both capitalization uniformity and sorting; 

only answer item D contains both in the proper order – along with the other requirements of 

counting and printing a table.  

An example social impact of technology question from the validated ECTD is shown in Example 

2 with the correct answer in bold.  

Many companies are competing to bring self-driving cars to the marketplace. 

Which of the following impacts on society best motivates development of this 

technology? 

A. Self-driving cars allow passengers to have more meaningful face-to-face 

conversations. 

B. Self-driving cars eliminate the need for ridesharing services like Uber or 

Lyft.  

C. Self-driving cars will decrease accidents since software will not get 

distracted like humans. 

D. Self-driving cars will cost significantly more than cars driven by humans. 

 

Example 2: An instrument question designed to test social impact understanding 



The ethics of engineering and its impact on society are an important part of cognitive 

development and enculturation. While the distractors in Example 2 have degrees of correctness, 

the best answer is the life-saving advantage of automated technology to society.  

Implementation of Position-of-Stress Surveys  

The second major research result from year two is the implementation of a quantitative three-

question survey administered to students as they complete activities that are judged to be 

positions of academic stress. The goal was identification of student cohorts that were gaining, 

losing, or remaining the same in confidence about major choice as they study computational 

thinking. Study participants answered these questions at each stress point:  

1) How many minutes did you take to complete this exercise? 

Answered using a free-form text box 

  

2) How difficult was the set of questions you just submitted?  

Answered using a sliding-scale from 0 to 100 with scale text “Very Easy” at 0 and scale 

text “Very Difficult” at 100.   

 

3) How confident do you feel about your choice of major in engineering or computing after 

completing this exercise?  

Answered using a sliding-scale from 0 to 100 with scale text “Having Serious Doubts” at 

0 and “Very Confident” at 100.  

The research plan identified the pre-test ECTD, the midterm exam, and the post-test ECTD as 

stress points where student confidence may be changing. The ECTD and position-of-stress 

survey was given to all students enrolled in a first-year introductory engineering course at a large 

Southwestern university. The difference between initial confidence and midterm confidence was 

calculated to identify students with increasing, decreasing, and unchanged confidence about 

major choice. 

Semi-structured Interviews Reveal Privilege  

The position-of-stress surveys provided a strong data set about confidence in major choice. The 

research team used stratified sampling on this data to choose participants to invite to semi-

structured interviews to gather more nuanced qualitative data about how computational thinking 

impacts engineering enculturation. Five stratified subpopulations were formed: confidence level 

and race, confidence level and gender, confidence level and first-generation status, confidence 

level and identification as academically talented, and drastic changes in confidence level. 

Invitations to participate were sent by email in three phases to a total of 70 students and 27 semi-

structured interviews were conducted.   

The interview protocol required the interviewer to gain permission for audio-only recording and 

to then ask a series of prompts designed to encourage twenty minutes of discussion about pre-

university technology access, pre-university course access, the level of pre-university computing 

experience, attitudes about engineering and computing, influence from family or friends with 



engineering or computing background, comfort with mathematics and science, the pathway taken 

to engineering matriculation, social identity and its impact on current confidence, and the impact 

of the current engineering course on confidence. The interviewer supplemented the protocol with 

additional questions as necessary to understand participant responses and allow participants to 

augment their initial response. The research team includes faculty members at multiple 

institutions and these faculty members each conducted interviews with students that were not at 

their own institution in all but two cases. In these two outlier cases, the interviewer was from the 

same institution but taught courses in a college other than engineering – preserving the 

anonymity of the participants.  

A complete record of the qualitative research methodology has been published [12]. In summary, 

an iterative and inductive methodology was used by five trained coders to establish a rich set of 

qualitative data from automatically transcribed recordings with human editing. Categorization of 

participants was completed based on coding similarity and one pathway narrative for each 

category was created. While computational thinking involves skills beyond programming, 

programming emerged as a theme in categorization. The categories used to write pathway 

narratives were:  

1) Increasing confidence with prior programming success  

2) Increasing confidence without prior programming success  

3) Decreasing confidence with prior programming success  

4) Decreasing confidence without prior programming success 

The third major research result from year two is this set of pathway narratives that confirm 

well-known stereotype, grandstanding, and inequity effects in classroom learning and 

enculturation [7] [8] [13] [14] [15] [16] [17]. The pathway narratives also revealed that students 

with the privilege of prior programming experience excelled in the first-year engineering courses 

while students without the same privilege were struggling and questioning the choice of major. 

This hidden computing privilege was demonstrated in the narratives as access to advanced pre-

university mathematics and computing coursework as well as access to computing technology. 

Participants with the hidden computing privilege matriculated to engineering with a set of skills 

that were not institutional entry requirements and many did not recognize that they were better 

prepared than classmates. When a participant did recognize the privilege, the consensus was that 

knowing programming in advance helped greatly with the course [12].  

Underrepresented groups often experience inequity in pre-university computing coursework and 

access to computing technology. This lack of privilege is a hazard that creates a barrier to 

enculturation as an engineer, and may work against efforts to improve diversity, equity, and 

inclusion in Colleges of Engineering. When institutions add computing in the first year but do 

not provide a curricular mechanism to address this hazard, it leaves people marginalized and 

unsupported.  

Future Work and Broader Impact 

In year two, data collection was piloted at one of the three institutions funded by the National 

Science Foundation grant. In year three, mixed-method data collection will expand to all three 



institutions and continue gathering longitudinal data about the first-year experience. The data 

will allow exploration of how institutional type – with the associated differences in curriculum, 

student support, residential life, and privileges (including but not limited to the privilege of 

having prior computer programming experience) – impacts first-year student success in 

acquiring computational thinking and enculturation as an engineer. It will also seek to distill 

common student pathways with the hope of broadly informing curriculum design so that the 

resulting curriculum supports the inclusion of any student lacking prior computing privilege. The 

broader impact is an informed academy preparing an inclusive community of diverse engineers 

to solve today‟s engineering problems through computational thinking and computer-assisted 

design.  
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