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ABSTRACT 
The United States is experiencing a shortage of STEM workers 
[24], with many students leaving the pipeline before attaining a 
career in STEM [18]. STEM education researchers have identified 
factors at the high school and college level that contribute to 
attrition, but earlier life events remain underexplored [14]. In this 
work-in-progress paper, we examine childhood experiences 
through the lens of qualitative analyses and discuss our ongoing 
development of an overall understanding of the relevant life and 
academic “themes” that shape students’ lives before entering 
secondary school. We are currently testing our seven-theme 
model on the OpenStax Kinetic large-scale research infrastructure 
using quantitative surveys of participants’ biographical data. Our 
findings from this study will inform future refinement of the 
survey and its themes, with a particular emphasis on 
understanding the influence of contextual demographic and 
psychosocial factors. Over the longer-term, we hope to support 
research that identifies critical early STEM experiences and offers 
insight into where certain students might benefit the most from 
additional STEM support or experiences. 
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1 INTRODUCTION 
The United States, like many developed nations, is experiencing a 
shortfall of STEM workers in dozens of fields [24]. This school-to-
career “pipeline” has been described as “leaky,” with many more 
students leaving the pipeline than entering [18]. Students’ 
contextual factors (especially their gender and race/ethnicity) also 
influence how likely they are to persist in STEM to the point of an 
eventual career, meaning that certain students are much more 
likely to leave STEM paths than other students [23].  

Researchers have postulated many reasons for this STEM 
attrition, from lack of skilled science and math high school 
teachers [17], to exclusionary and overwhelming college STEM 
classes [22], to a lack of a sense of a greater purpose in pursuing 
certain STEM paths [1]. All these and other factors undoubtedly 
play a significant role in causing some students to leave STEM, 
but research has often overlooked predictors before students are 
in secondary school. 

Many academic theories emphasize the critical role early life 
experiences, both in the classroom and at home, play in predicting 
important academic and career outcomes as students progress to 
high school, higher education, and their eventual careers [13,14]. 
However, only recently has the field begun to apply these research 
findings into studying STEM life trajectories (e.g., [7,15]), and to 
our knowledge, none has done so via exploring specific early life 
experiences. 

In this work-in-progress paper, we discuss the pivotal role of 
certain general and STEM-specific childhood experiences of 
students using both qualitative and quantitative research 
methods, as well as our plans to expand our research efforts to 
leverage STEM biographical data at scale using the OpenStax 
Kinetic research infrastructure.  

2 PRIOR DEVELOPMENT OF THEMES OF 
STUDENTS’ EARLY STEM EXPERIENCES 

Over several prior studies ([3,4]), we used qualitative and 
quantitative research methods to understand college students’ 
early academic and life experiences, both generally and with 
STEM specifically. 

These early experiences are captured with biographical data, 
or biodata, which comprises measures of a person’s background 
and/or prior experiences [19]. Biodata measures provide a way to 
capture historical experiences and correlate these experiences 
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with a broad range of variables, from behavior [21] to motivation 
[16] to interest [12]. 

2.1 Qualitative Development of Theme 
Structure 

Our first prior study was a qualitative study that leveraged quotes 
in one-on-one, in-person interviews with 35 undergraduate STEM 
students to develop qualitative themes to use in the design of a 
biodata measure. After thematic qualitative analysis [5], we 
identified five core themes that students shared in their lives up 
to middle school: 1) exposure to STEM activities and careers, 2) 
receiving encouragement for STEM activities and achievement, 3) 
receiving help in school and on school assignments, 4) 
participating in hands-on STEM experiences, and 5) participating 
in math or science competitions.  

Example quotes from each of these preliminary themes are 
shown below. 

Exposure to STEM 
“My parents… sent me to a summer camp in STEM at Stanford… It 
was [on] mathematical game theory… That was before seventh 
grade… [That’s]… how I started thinking about maybe [majoring in] 
math.” 
 
“My oldest brother… is doing mechanical engineering at Notre 
Dame… He helped me in my decision… to go into STEM.” 

Encouragement for STEM 
“When I was younger [my parents] encouraged me to be involved in 
science clubs and science projects so I just kind of had exposure to 
that area a lot. … That was the only thing I knew… [My parents] 
were like, ‘Oh, you should do [science].’ And I was like, ‘Oh, okay, 
that makes sense.’” 
 
“I used to like reading a lot, but my dad was like, ‘You should do… 
engineering,’ because engineering is money…. He actually wanted 
me to do electrical engineering… [My parents] played a pretty big 
role in [becoming an engineering major].” 

Receiving Help in School Settings 
“My mom helped me on [math] homework. She sat me down and 
told me these are the steps. She taught me how to do long division.” 
 
“In sixth grade… my math teacher… helped me out when I was 
struggling… He would definitely step in and offer extra help that I 
don’t think he offered other students.” 

Hands-On STEM Experiences 
“We would build stuff… in school. We had this rocket building unit 
in fifth grade and I thought that was interesting…because we shot 
out little rockets… That was how I was introduced to [STEM], and I 
got really into chemistry later on.” 
 
“When I was little [my family] always did a lot of stuff outside… My 
brother and I enjoyed… catching bugs and having little plastic 
peanut butter jar terrariums… [We would] keep them for a while and 
feed mosquitoes to spiders.” 

STEM Competitions 
“I had really good math experiences. We did a pre-competition type 
thing in third grade and I always… liked it…. Then in fourth grade 
we had this CML [math] competition. It was… the students in our 
class taking tests every six weeks, and the person who takes the best 
scores at the end… I got a trophy and… the best scores at the end so 
I was really happy.” 
 
“I started doing academic UIL competitions in sixth grade. I started 
competing in the science competition… and I became pretty 
interested initially in biology just because… at the time that was the 
most interesting subject to me.” 

 
Working from these core qualitative themes, we then 

progressed to quantitative measure development. We wrote items 
for each of these five themes, with each theme comprising 10-14 
items. Sample items for each theme are shown below: 
 
• “How often did you talk to siblings or cousins who were 

studying STEM in high school or college?” (STEM Exposure) 
• “To what extent did your parents encourage you to pursue a 

science, math, or engineering interest?” (STEM 
Encouragement) 

• “How likely were you to participate in science competitions 
that were voluntary?” (STEM Competitions) 

• “How often did your parents help you with your homework?” 
(Receiving Help in School Settings) 

• “How often did you choose to work on hands-on STEM 
activities when you had the choice to do other activities?” 
(Hands-On STEM Experiences) 

2.2 Pilot Testing Theme Structure 
We then pilot tested all survey items on 12 undergraduate 
students, who evaluated each item’s perceived fit into the five 
themes. The students were asked to evaluate how well each item 
seemed to fit into the theme we had assigned it, as well as whether 
it seemed to fit into more than one theme or into no theme.  

After reviewing participant feedback about the proposed 
theme structure, we expanded the framework to six themes and 
reworded several items to more precisely fall into its assigned 
theme. See the following figure for the evolution of the theme 
structure into version 1 of the survey. 

Figure 1. Development of the second version of STEM 
biodata themes. 
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2.3 First Study of Biodata Measure’s Theme 

Structure 
Our next study was quantitative and entailed administering the 
survey to approximately 150 undergraduate students who entered 
the university as STEM majors. We initially used a confirmatory 
factor analysis, a statistical approach designed to evaluate the fit 
of a hypothesized factor structure [6], to test whether our six-
theme structure fit our survey responses well. However, we found 
that our structure was not a good fit for the data, so we instead 
used exploratory factor analysis, which examines all 
intercorrelations between all variables to generate solutions that 
reduce the individual survey responses to a certain number of 
factors [11]. This approach allowed us to explore different 
numbers of factors that might be a better fit for our survey 
responses. 

The best fit for our data was a seven-theme model. All 
themes made intuitive sense once we reviewed the content of the 
individual items. The changes primarily consisted of 
distinguishing general early academic support from STEM-
specific support from parents; specifying teacher versus parental 
support; and separating science and math experiences into two 
different themes. After reorganizing the items, we were satisfied 
with this restructuring of the data to use in our next study (see 
Figure 2 below). 
 

 

Figure 2. Development of the third version of STEM biodata 
themes. 

2.4 Second Study of Biodata Measure’s Theme 
Structure 

For our second quantitative study, we administered the new 
version of the survey to a separate sample of approximately 175 
freshman and sophomore undergraduate students in any major. 
We once again conducted a confirmatory factor analysis to 
determine the fit of our new theme structure to participants’ 
responses. 

We found that five of the seven themes fit the data well, but 
two–Receiving STEM Information and Proactive or Voluntary 
STEM Behavior–showed significant cross-loadings (meaning that 
the data did not show a strong distinction between these two 
underlying themes [2]). We elected to retain the seven-theme 
structure and rewrote items in these two themes to more clearly 
distinguish between the themes. We then finalized the fourth 

version of the measure. See the figure below for an overview of 
all prior work we have discussed in this section. 
 

 

Figure 3. Overview of our prior STEM biodata research 
milestones  

3 CURRENT RESEARCH AGENDA 
We are currently administering the latest version of the survey to 
participants on the OpenStax Kinetic research platform, which is 
open to all online adult learners. Our goal is to collect 
approximately 300 participant responses; we currently have about 
110 participants and anticipate that we will have all data collected 
for this validation study by Fall 2023.  

Once we have reached this sample size, we will analyze how 
well the data fit our survey responses using confirmatory factor 
analysis. If our survey data meet established statistical criteria for 
an acceptable fit, we will proceed to other validation analyses, as 
well as examining the measure’s correlations with other measures 
in our Kinetic library of learner characteristics (see the next 
subsection for more information).  

If the data do not fit the theme structure well, we will 
continue to look for ways to refine the survey. In particular, if 
Receiving STEM Information and Proactive/Voluntary STEM 
Behavior continue to cross-load in this study, we will likely end 
up combining these themes into a single theme. We will then 
administer the refined version of the survey (version 5) on a new 
sample of participants on OpenStax Kinetic. See the figure below 
for an overview of our current research agenda. 

 
 

 

Figure 4. Overview of current and future stages of our 
research process 
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3.1 Leveraging Data at Scale to Explore Learner 
Contexts 

One of the advantages of administering this and other surveys at 
scale is that large-scale online studies offer researchers access to 
a far broader sample than typical psychological studies [20], 
which tend to be based on undergraduate student samples that are 
not representative of the US population [9]. For example, scaled 
data collection on Kinetic will allow us to survey participants who 
did not attend formal post-secondary education, who have 
graduated and are no longer undergraduates, and/or those who 
are older than the traditional undergraduate age. Finally, our 
initial qualitative analyses focused on students with strong 
demonstrated STEM interests to maximize the relevant content 
for item generation, but broadening our sample at scale will 
enable us to study participants with a more diverse range of early 
STEM and life experiences to understand group differences in 
biodata themes.  

Through the Kinetic research infrastructure, we can also 
extensively explore the influence of learners’ other contexts. We 
have access to both traditional demographic information (e.g., 
gender, race/ethnicity, education level), as well as psychosocial 
and learning characteristics (e.g., vocational interests, STEM 
interest). For example, certain Holland Vocational Interest, or 
RIASEC, types [10] might be more likely to score highly on certain 
biodata themes, such as the Receiving STEM Information theme. 
By obtaining a larger sample size, we will be able to explore group 
level differences in learners’ contexts with reasonable statistical 
certainty. See the following figure for characteristics and 
constructs that might help us understand how learners’ contexts 
impact their early life experiences. 

 

 

Figure 5. Planned relationships to explore with OpenStax 
Kinetic’s library of learner characteristics 

4 FUTURE DIRECTIONS 
Once we have finalized the biodata survey’s theme structure by 
validating it on a diverse range of participants at scale, we will 
then examine the measure’s convergent and discriminant validity 
[8] against similar STEM measures on another large-scale sample. 
We hope to further education research by also exploring the 
measure’s predictive validity in identifying influential early life 
experiences that predict STEM-specific outcomes, including both 
academic outcomes (e.g., STEM major persistence, STEM GPA) 
and psychosocial outcomes (e.g., STEM interest, STEM career 
intentions).  

Longer term, we hope our findings can be used to inform the 
development of experimental studies and interventions to 
identify, develop, and/or sustain a STEM interest in elementary 
and secondary students. Further, leveraging a large sample size 
will enable us to examine group differences in childhood 
experiences that smaller studies might have overlooked, and how 
these different biodata themes impact outcomes for diverse 
learners. Consistent group differences might imply that different 
interventions might be more successful for certain types of 
students, and we will continue to explore learners’ contexts in all 
steps of our research agenda. 

5 CONCLUSION 
We have developed and begun validating a biodata survey 
measure of students’ early academic and STEM-specific 
experiences. Our latest validation study is currently in progress 
on the large-scale OpenStax Kinetic research infrastructure, and 
the results from this study will guide our next steps in refining the 
measure until it can be released to all STEM education researchers. 
We hope the biodata measure and our findings will ultimately 
further research that identifies and supports students in STEM, 
particularly those who are the most likely to leave the STEM 
pipeline. 
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