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Impact of Engineering Curricula and Student Programming on 
STEM Attitudes among Middle and High School Students—

Evaluation 
 
 
1. Background 
 
Ajzen and Fishbein’s

1 theory of reasoned action describes a relationship between attitude, 
intention, and behavior; behavior is a result of intention and intention is a result of attitude 
towards the behavior combined with beliefs about how others will judge the behavior. Within 
this context, both individual student and overall classroom attitude towards science, technology, 
engineering, and math (STEM) disciplines and their content can affect student behaviors of 
engagement, performance, and persistence in STEM subjects and subsequent choice of a STEM 
career. Thus, creating a positive attitude towards STEM, overall, is a goal of STEM education. 
Interventions can be evaluated not only for their effect on STEM content learning, but also for 
their effect on student attitudes

2 which can have longer-term effects on student career choice. 
Klopfer

3 described six categories of attitudes relevant to science education goals: attitudes 
towards science and scientists, attitude towards inquiry, adoption of scientific attitudes like 
curiosity and open-mindedness, enjoyment of science learning experiences, interest in science 
apart from learning experiences, and interest in a career in science. 
 
The 2000 report of the National Commission on Mathematics and Science Teaching for the 21st 
Century, Before it’s Too Late,

4 noted the U.S.’s failure to “capture the interest of our youth for 
scientific and mathematical ideas” and its economic, social, and national security implications. In 
an effort to improve STEM education for local K-12 students, contribute to K-12 STEM 
education best practices, and attract a larger and more diverse pool of students to pursue higher 
STEM education, New York University Tandon School of Engineering (NYU Tandon) has 
developed engaging, hands-on curricula based on two engineering-based tracks: robotics and 
smart cities. These curricula have been applied through NYU Tandon’s faculty and students to 
both direct K-12 student services such as summer programs and K-12 STEM teacher 
professional development (PD). While previous research has shown hands-on engineering-based 
teaching and learning to have a positive impact on STEM attitudes,5,6 we conducted an 
evaluation of student attitudes towards STEM both before and after their participation in an 
engineering-based summer STEM learning experience to evaluate our methods and curricula. In 
the spirit of promoting “Doing with Understanding,”7 our curricula were designed to provide 
students with the opportunity to learn while being creative, a sense of purpose in their learning, 
and a learning process that results in a “product” or result in which they could take pride. 
 



2. Description of Summer Program 
 
In summer 2015, NYU Tandon provided 323 students with multi-week direct services following 
on-campus PD for 30 public school teachers using engineering-based robotics and smart cities 
curricula. Goals were to provide hands-on, standards-aligned STEM learning to underserved 
students and increase student interest in STEM learning.  
 
2.1. Teacher Professional Development 
 
NYU Tandon’s students and faculty have developed lessons and activities for the two 
curricular tracks over the past decade under public and philanthropic support for K-12 STEM 
education projects. All lessons are developed through design-based research

8-11 (DBR) within the 
framework of problem-based learning

12-16 
(PBL) using engineering challenges. Under faculty 

supervision, 12 graduate students modified and refined existing lessons and activities for 
middle and high school students and then conducted two week summer training for over 40 
undergraduate and graduate NYU Tandon and NYU College of Arts and Science STEM-
major students who would deliver these curricula to teachers and students. 
 
Thirty middle and high school teachers then attended a three-day training on the university 
campus, during which graduate students provided them with lectures paired with hands-on 
activities for one of the two engineering-based curricular tracks. For training, teachers were 
paired with an undergraduate or graduate student, who had completed the two-week 
training, to work alongside them and serve as the co-teacher once classroom activities began 
for the middle and high school students. Training for both tracks included basic use of 
microcontrollers and circuitry, sensors, programming, and data collection. 
 
2.2. Curricula 
 
Curricula have been aligned with several elements of the Next Generation Science Standards

17 

(NGSS) and the Common Core State Standards for Math18 (CCSSM), to facilitate the adoption 
of developed lessons by teachers and administrators. Through a DBR process we iteratively 
refined curricula with participant feedback to optimize lessons according to learning 
environment and participant needs. The lessons have been created to present STEM content 
as interconnected rather than in parallel and in engineering contexts relevant to students’ 
lives. 
 
In PBL contexts,

12-16 students learn both content and thinking strategy through facilitated 
problem solving. In contrast to PBL,

12-15 conventional passive and compartmentalized 
learning methods do not support students to become future STEM innovators through 
cultivation of skills such as intrinsic goal orientation, critical thinking, attitude towards 



learning, problem solving, and self- regulation.15,16 PBL interventions have been shown to 
be effective in increasing STEM content knowledge in secondary school students,

19 

particularly when the problem to be solved or artifact to be designed is not the final goal but 
a framework for learning related material.

20
 

 
The robotics and smart cities curricula provide middle and high school students with an 
opportunity to experience engineering design as a model for problem solving while working 
with tools used by engineers such as microcontrollers, circuit components, programming, 
and sensors. Through hands-on activities, they learn STEM content, technology, and 
engineering skills. The smart cities curriculum includes four integrated themes: energy, 
urban infrastructure, transportation, and wireless communications. Students collaborate in 
groups to develop strategies to complete missions in the hands-on exercises in the robotics 
curriculum. These lessons have been developed to help students visualize science and math 
concepts, which are typically difficult or abstract. Since many STEM principles are inherently 
incorporated into each engineering design challenge or mission, they can also illustrate 
connections between the different STEM disciplines and their applications. Involving the 
undergraduate and graduate engineering students, directly, with the classroom teaching, allows 
them to serve as STEM professional role-models for the middle and high school students. 
 
2.3. Participants 
 
Student participants were entering 8th or 11th grade and were chosen by the New York City 
Department of Education (NYC DoE) via lottery. Students were not required to have a strong 
interest in STEM subjects. Retention rate of students was 76%. Both pre and post program, the 
cohort remained 42% female; there was no gender difference in dropout rate. Services were 
provided at five public schools such that each of the five NYC boroughs had a location, with 
students drawn from the entire borough for a given school. District teachers applied for summer 
positions and were selected by the NYC DoE. Not all teachers were math or science certified; 
the cohort included humanities teachers, as well. After a three-day intensive PD at the university, 
teacher/engineering student pairs co-taught either robotics or smart cities engineering-based 
curricula, four days/week, six hours/day, for five weeks.  
 

Table 1: Student participants by gender and program. 
 

Student Category N Pre N Post
Total 323 245
Male 188 142
Female 134 103
Smart Cities 180 140
Robotics 140 105



3. Survey Data 
 
The project was assessed using student responses to a ten item anonymous paper survey, pre 
(N=323) and post (N=245) project. Items were adapted from NSF-funded STEM attitudes and 
perceptions surveys, e.g., the STEM Career Interest Questionnaire

21 and the SWEPT Student 
Pre-Attitude Survey.

22 The original surveys were designed to examine students’ attitudes about 
science and mathematics, views about STEM career opportunities and education, perceptions of 
the importance of a career in science, and supportive environment for pursuing a career in 
science. The following 10 items were used such that they fit on one single-sided page, to 
maximize the number of completed surveys. 
 
Ql: I would like to have a career in a science, technology, engineering, or math (STEM) field.  
Q2:  My family has encouraged me to learn more STEM. 
Q3:  I will attend a 4-year college and major in a STEM field. 
Q4:  People would respect me if I have a STEM-related job, when I’m an adult.  
Q5:  Having a STEM-related career would be difficult. 
Q6:  Science, math, or computer programming classes make me feel nervous.  
Q7:  I usually understand what is going on in my STEM classes. 
Q8:  My family expects me to complete a 4-year college. 
Q9:  My family asks me about what I’m learning in school. 
Ql0:  I know someone with a STEM related job who encourages me to pursue a STEM career, 

too. 
 
It has been shown that children do not respond well to numerical Likert scales, rather, phrases 
which can be later re-coded to numbers are more robust.

23 Students were able to circle one of the 
following five responses, which were re-coded for data analysis, to correspond to values 1 
through 5. 
 
YES! (1) 

Pretty much (2) 
I don’t know (3) 
Not really (4) 
NO! (5) 

 
In addition to assuming unmatched samples, all data were included and some survey answers 
were left blank, such that the pre sample size is larger than the post sample size and sample sizes 
differ slightly among questions. Grade (7th  vs. 10th) was not used as a variable in any analysis. 
 



4. Analysis and Results 
 
A Kolmogorov-Smirnov test

24 (KS-test) was performed for each question 1-10 to identify 
significant differences in pre vs. post means after recoding responses as discrete values from 1 to 
5. Gender, program, and grade differences were not taken into account at this stage. The KS-test 
tries to determine if two datasets differ significantly in shape of their distributions, rather than 
difference in mean. The KS-test makes no assumption about the distribution of data, so, in 
contrast to a t-test, it is appropriate for non-normally distributed data.  KS tests (Table 1), not 
corrected for multiple testing, showed significance (p=0.007) only for Q7 “I usually understand 
what is going on in my STEM classes” and suggestive significance (p=0.078) for Ql “I would 
like to have a career in a science, technology, engineering, or math (STEM) field.” All other 
statements showed non-significant differences pre/post-program. 
 

Table 2: Kolmogorov-Smirnov tests of pre vs. post responses for questions 1 through 10. 
 

 Q1  Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Ql0 

p-value 0.078 0.447 0.961 0.682 0.446 0.999 0.007 0.337 0.800 0.155
Pre Average 2.278 2.237 2.534 2.475 2.872 3.906 2.118 1.794 1.934 3.288
Pre N 323 322 320 323 321 322 319 322 321 323

Post Average 2.086 2.193 2.444 2.360 2.778 3.833 1.824 1.542 1.810 2.936

Post N 245 245 244 245 245 245 245 242 243 245

Change 0.192 0.045 0.090 0.115 0.094 0.073 0.294 0.253 0.124 0.351

 
A nonparametric randomization test with multiple linear regression25 was used to assess 
statistical significance; for normally-distributed data this test and Three-way Analysis of 
Variance

26 (ANOVA) compute identical p-values, but unlike ANOVA this test is appropriate for 
samples from any statistical distribution. This test was used to tease apart factor-specific effects, 
not detected by the KS test, in addition to interaction effects between factors (Table 3). Both 
genders showed the same dropout rate, so the data did not require correction for this factor. The 
data (each participant’s 1-5 response to each question) were fit with multiple linear regression; 
the columns of the regression matrix coded for each of the main effects (male vs female, pre vs 
post program, smart cities vs robotics) and each interaction (3 two-way interactions and 1 three-
way interaction). We computed the variance accounted for by each main effect and each 
interaction (i.e., each regressor). We then obtained null distributions for the variance accounted 
for by each main effect and each interaction. These null distributions were computed by 
repeating the regression 10,000 times, each time after randomly shuffling the data.27 We 
compared the results of the regression using the original unshuffled data with the null 
distributions to obtain p values for each main effect and each interaction.  
 



Table 3: Randomized multiple linear regression analysis p-values of pre vs. post responses for 
questions 1 through 10. 

 

Question Status Gender Program 
Status × 
Gender 

Status × 
Program 

Gender × 
Program 

3 
Way

1 0.097 0.057 0.996 0.083 0.253 0.784 0.086

2 0.621 0.010 0.951 0.159 0.072 0.298 0.939

3 0.527 0.470 0.938 0.503 0.799 0.756 0.258

4 0.278 0.994 0.945 0.228 0.500 0.714 0.148

5 0.406 0.599 0.583 0.684 0.746 0.686 0.422

6 0.682 0.121 0.262 0.457 0.115 0.024 0.909

7 0.001 0.097 0.373 0.130 0.468 0.455 0.747

8 0.004 0.001 0.471 0.280 0.014 0.192 0.233

9 0.209 0.556 0.435 0.487 0.404 0.135 0.130

10 0.040 0.150 0.827 0.738 0.114 0.736 0.669

 
The following three statements showed significant positive change (p<0.05), without correction 
for multiple testing, associated with program participation status pre vs. post: 
 
Q7: I usually understand what is going on in my STEM classes. 
Q8: My family expects me to complete a 4-year college. 
Q10: I know someone with a STEM related job who encourages me to pursue a STEM career, 
too. 
 
Responses to some statements were significantly correlated with gender prior to program 
participation. Boys were significantly more likely than girls to affirm the statement Q2 “My 
family has encouraged me to learn more STEM” and girls were significantly more likely to 
affirm the statement Q8 “My family expects me to complete a 4 year college.” While there was a 
significant increase, overall for Q8 pre vs. post, the change was more drastic for girls and girls 
both began and ended the program with more positive ratings for this statement. 
 
Only two statements showed significant interaction effects. Q8: “My family expects me to 
complete a 4-year college” showed a significant interaction for status × program; specifically, 
while, on average, after program participation, both genders were more likely to report that their 
family expects them to complete a 4 year college, the change was greater for those students in 
the robotics track. Q6: “Science, math, or computer programming classes make me feel nervous” 
showed a significant interaction for gender × program; girls were more likely to report that 
STEM classes made them feel nervous and this was more likely for those in the smart cities 



track, however, this was true both pre and post program participation. 
 
5. Discussion and Conclusions 
 
Results support previous work5,6  indicating that a hands-on STEM curriculum provided through 
engineering challenges improves average attitudes and perceptions towards STEM education and 
STEM careers among K-12 students. Responses were significantly associated with gender, pre-
program, for items describing messages to students from their families regarding educational 
expectations; boys are less likely to believe that they are expected to attend college and girls are 
less likely to believe that they are expected to prioritize STEM classes. Roots of these gender-
specific under-expectations on the part of students’ families and potential solutions have been 
explored in STEM education research, elsewhere.

28 While results were not corrected for multiple 
testing, they are useful for identifying further research questions. We plan to gather additional 
data in subsequent years, including teacher questionnaire responses, to further investigate the 
effects of our challenge-based engineering programs and specific factors within our programs on 
student STEM attitudes. 
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