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Using Natural Language Processing to Explore Undergraduate Students’
Perspectives of Social Class, Gender, and Race

Motivation

Students’ experiences in higher education settings are stratified across their racial and
socioeconomic identities. This leads to existing institutionalized inequities across those groups
being reproduced. The engineering education community has a collective consciousness that
individualistic factors, for example, race, gender, sexual orientation, socioeconomic and
disability status, should not influence who is most likely to matriculate, persist, or graduate in
engineering. The subgroups within the engineering education community regularly implement
and evaluate student support programs focused on diversity, equity, and inclusion. These
programs aim to reduce academic, economic, or social barriers encountered by the minoritized
student population on their paths into and through undergraduate engineering education.
Empirical evidence about the effectiveness of those student support programs is divergent, which
highlights complex, dynamic issues about the role of social class, gender, and race in the
engineering education experiences of minority students. We as engineering education researchers
must question how students' experiences in a higher education institution are contributing to the
differences across the majority and minority student groups. In the present study, we aimed to
explore the perspectives of undergraduate students about the roles social class, gender, and race
play in shaping their educational experiences in a higher education institutional context.

Literature Review

Based on existing empirical evidence, we understand that students’ educational
aspirations and outcomes are mediated by their racial, gender, and socioeconomic traits. For
example, Black and Latino undergraduates were significantly less likely to persist in STEM
majors relative to the White and Asian [1], [2]. In a similar vein, low-income students are
significantly less likely to graduate within six years relative to their high-income counterparts. In
response to societal calls for social justice and equity, higher education institutions have adopted
various financial, social, and academic policy tools to address the different needs of minority
students. Financial aid programs are partially successful at mitigating fiscal barriers for STEM
students in households with inadequate economic resources [3], [4]. Financial aid increases
STEM credit accumulation since it obviates students’ need to work while studying [5], [6].
Academic programs like STEM-related work-study employment, undergraduate teaching
assistantships in STEM programs, and undergraduate research opportunities are the institutional
strategies to positively impact the educational experiences of minority students [7]. Universities
facilitate social clubs, peer study groups, and on-campus living communities for minority
students to enable and enhance their social involvement and satisfaction [§].

Despite the growth of some opportunities, underserved students continue to struggle long
after their admission to those student support programs. These programs are generally rooted in
an individual-centric perspective, which assumes that deficiencies in the life histories of
minoritized students are responsible factors for inhibiting their college success. For example,
student-faculty interactions typically have a positive impact on the academic performance of
students, but Black students who interact more frequently with faculty are more likely to



experience racial discrimination [9], [10]. This racial discrimination is negatively linked with
students’ retention, particularly in STEM fields. The on-campus social experiences of students
from lower-social class households are different relative to their peers from higher-social class
households, which contributes to differences in educational and career pathways of upper- and
lower-social class students [11]. The students from the upper-social class consider their college
enrollment period as an opportunity to utilize their preexisting capital to socially engage with
others from similar backgrounds. The on-campus social prominence of upper-class students may
consume the limited capital of lower-class students in imitating upper-class students, rather than
using it for scholarly dedication and hard work.

Scholars of social justice and equity argue that structural characteristics of historical
institutions and ethnic groups' relations are responsible for the prevailing norms of students'
college success in engineering education culture[ 12]-[14]. Those institutionalized norms extend
the privilege to the competitive and individualistic practices associated with the White majority
students, but minority students conventionally do not reflect those practices. Therefore, scholars
of social justice support that student support systems not only abandon the individualistic-
deficiency perspective but also adopt the structural-centric perspective. For example, student
support programs rooted in theoretical lenses of critical race and feminism will explicitly
acknowledge the agency and habitus of minoritized students. Those programs will customize
strategies and resources to augment the existing cultural and social capital of minoritized
students. This enhanced capital will enable substantive improvements in the college success of
those students.

In engineering education, [15], [16] contend that social class, race, and gender have been
studied separately, and only a few published studies have focused on the students' embodied
intersectionality marginalized ethnic and gender identities. For example, quantitative studies in
engineering education, except large/national scale, generally aggregate African American,
Hispanic and Native Americans female students due to the small numbers in each group,
erroneously assuming that those minority female engineering students have similar academic and
social experiences in higher education institutions [17]. [15] and his team published several
studies investigating college-related outcomes disaggregated by gender and race using the
MIDFIELD dataset of over 70,000 U.S. students. They argued that engineering education
studies, which failed to disaggregate data intersectionally by gender and race, gave
overgeneralized results since white males are overrepresented in engineering education.
Recently, researchers have used intersectionality as a framework and examined how systems and
experiences of social class, race, and gender impact students' experiences in engineering higher
education settings [18], [19].

Theoretical Framework

Intersectionality as the framework is a lens to understand an individual’s experiences by
holistic convergence of their different identity dimensions (gender, race, ability, sexual
orientation, and socioeconomic status) in an oppressive system [20]. Intersectionality theory
rejects the additive approach which separately examines the experiences of individuals who
encompass multiple marginalized identities. Researchers having an intersectionality perspective
examine “what it means to live at the crux of structural inequality based on intersections” to
address issues of power and privilege in society [13]. This study used intersectionality as the



theoretical framework to answer the following research question: How do undergraduate
students describe the role of social class, gender, and race in shaping students’ college
experiences in a higher education institution?

Methodology
Data Collection

This publication used data collected in a longitudinal study, six waves across the period
of 2014-2021, of intersectional differences in college-to-career trajectories at an R1 Mid-Atlantic
university in the US. During the first wave of the study between 2014-2016, the research team
used the university email listserv, in-person presentations across academic departments and
student organizations, and word of mouth to recruit participants. These efforts resulted in 113
first-wave interviews. Notably, this publication used only the data collected in the first-wave
interviews.

In the first wave, participants included 41 engineering major (36.2%) and 72 non-
engineering major (63.8%) undergraduate students. Of these, 54 (47.7%) identified as men, 58
(51.4%) as women, one as gender-fluid. Respondents included 43 White (38.1%), 29 Asian and
Pacific Islander (25.6%), 19 Black (16.8%), 11 Latinx (9.7 %), 9 multiracial (7.9%), one
Armenian, and one declined to answer. The participants also estimated their combined family’s
income range. Based on these qualitative responses, interviewees included 5 (< $25,000, 4.4%),
14 ($25,000 - $50,000, 12.3%), 81 ($50,000- 250,000, 71.6%), and 13 (>$250,000, 11.5%).

The second author developed an interview protocol comprising six question categories:
background; college decisions and academics; gender, race, income, disability status, and
college; college life; goals; family; friendships and peer groups; and conclusion. The complete
interviews ranged from 30 minutes to over two hours. The reader should note, that this
publication used only the interview transcript portion related to gender, race, income, disability
status, and college. This specific portion of the interview protocol is given in Appendix-A.

Data Analysis

A member of the research team manually extracted interview text relevant to gender,
race, income, disability status, and college. These excerpts were then cleaned to remove filler
language such as “Umm”, “chew”, “mhmm”, etc. Here, a noteworthy step (for data analysis) is
that interviewee's response is considered as a single contiguous block of text unless interrupted
by the interviewer. The cleaned interviewees’ responses are thematically analyzed using a
human-in-the-loop approach in two sequential steps: (1) text clustering via natural language

processing (NLP) techniques and (ii) manual thematic coding.

During step (i), we took blocks of raw text (as mentioned above) of interviewee
responses and embedded these text blocks in a high dimensional vector space (768) with
sentence transformers based on the MPNET architecture. The next step was to reduce these high-
dimensional embeddings from 768 dimensions to a lower-dimensional space (<5). This was done
to improve the performance of a subsequent clustering algorithm. Historically, clustering
algorithms suffer in higher (768 or 1024) or intermediate dimensional space (in the range of 50-
100) since every point (i.e., text embedding) is far from every other point [21]. Therefore, these



embeddings undergo a combination of linear and nonlinear dimensionality reduction steps using
principal component analysis (PCA) and uniform manifold approximation and project (UMAP)
[21], respectively. This combination of PCA and UMAP techniques is efficient at maintaining as
much possible variance in the original embeddings and allowing cluster algorithms to work
efficiently.

We used PCA to reduce from the high embedding space into an intermediate embedding
space since (a) PCA can result in losing valuable variance in the data if there is too sharp of a
reduction in the process of dimension reduction, and (b) UMAP can reasonably function well in
less than 100-dimensional space [21]. So, the two-prong goal here was to reduce original
embeddings (768) to an intermediate dimensional space where as much as possible original
variance (75-90%) is retained in the data while still enabling the UMAP step to work efficiently.
Experimentally, we found that an intermediate embedding in the range of 65-80 dimensions
appears to balance these two considerations best. Therefore, first, we used the PCA technique to
reduce the original embedding space (768-dimensional space) into an intermediate embedding
space (in the range of 65-80 dimensions). Second, we used the UMAP technique to reduce from
intermediate embedding space to a lower-dimensional space (< 5). After those dimensionality
reduction steps, we used an agglomerative clustering algorithm with ward linkage and a
Euclidean distance metric to cluster the data (i.e., blocks of interviewee responses).

We will refer to the round of clustering based on blocks of the interviewee as round-one-
clustering. While maintaining the numerical labels of round-one-clustering, the blocks of
interviewee responses were split into sentences with the sentence parser from an open-source
python NLP library, Spacy. The purpose of sentence splitting was to mitigate the issue that
individual blocks of texts contained multiple sentences that might be thematically disconnected
from each other. Conversely, the vast majority of single sentences might express only one topic.

After splitting the blocks while maintaining the labels of round-one-clustering, we took
the sentences of interviewee responses and again embedded them in a high dimensional vector
space (1024) with sentence transformers based on the BERT architecture. We replicate as
described above the dimension reduction and clustering sequence. First, we used PCA to reduce
those high dimensional embeddings (1024) to intermediate dimensional space (in the range of
60-85). Second, we used UMAP to reduce from intermediate embedding space to a lower-
dimensional space (< 5). Lastly, we again used an agglomerative clustering algorithm with ward
linkage and a Euclidean distance metric to cluster the data. We refer to these results as round-
two-clustering. Here we want to highlight to the reader that round-two-clustering only works on
the textual data already clustered together within boundaries of clusters developed in round-one-
clustering.

Each cluster could consist of 20- 60 statements that discussed the same topic. Step (ii) of
the data analysis procedure used in this publication aligned with Hatch’s Inductive Analysis
Model [22]. We used an iterative process of coding to ensure reliability in coding and conducting
higher levels of coding. A member of the research team coded each cluster by reading the
responses. When the coder identified a theme in that entire cluster then they assigned one label to
each of these responses and moved on to the next cluster. We estimated this coding procedure
was significantly quicker than traditional — on the order of a five-fold reduction in time [21].
This system also helped to improve consistency by analyzing across the entire collection of texts



simultaneously and grouping similar items. This combination of affordances enabled the analysis
of these interviews in a more manageable fashion. This first cycle of open coding resulted in a
preliminary, descriptive codebook. During the second cycle of coding, we revisited NLP
clustering results to develop salient domains by refining and grouping initial codes. We
displayed codes associated with each domain on a physical whiteboard to reflect patterns in the
raw data. We then reread the NLP clustering results to select direct quotes and passages from
interviewee responses to support the prevalence of domains (and associated codes) and to define
their essence and meaning.

We estimate that our created NLP system can facilitate and enhance a researcher (or a
research team) analysis process in two major ways. First, it will improve the consistency by
analyzing across the entire collection of texts simultaneously and grouping similar items.
Second, it will significantly reduce time in handling and analysis of large volumes of text
corpora that were previously unwieldy to handle. At this point, there are several notable
limitations to emphasize.

Limitations

First, there is a limitation from the data input to the NLP system - we subjectively
consider each time an interviewee responded to the interviewer as a single contiguous block of
text related to a single topic unless interrupted by the interviewer. This assumption could be
wrong and a single contiguous block of text of the interviewee's response may be related to
different topics. The second round of clustering helped to mitigate the impacts of this limitation
because it allowed for the identification of multiple topics in each block. Second, the NLP
system used in this paper is in its early development stage. A user requires advanced knowledge
and skills in both NLP and computer coding to manually adjust the codebase to fine-tune the
parameters of NLP systems to produce optimal clustering results. Additionally, the process of
adjusting parameters of NLP systems is an admittedly subjective one, balancing intra-cluster
heterogeneity (or homogeneity) and the number of clusters. Nonetheless, we believe the potential
of this approach to assist qualitative coding of a large collection of interviews offers new
opportunities to the research community; therefore, we chose to present the work even in its
nascent stages. Third, there were also additional limitations regarding the manual qualitative
coding process of NLP clustering results. We considered clusters as noise when there was too
much heterogeneity within a cluster. The clusters labeled as noise have been set aside during
thematic analysis. With that in mind, we may have lost a nontrivial portion of interviewee
responses in the present study. We believe we minimized the impacts of this limitation because
the topics represented in some of these heterogeneous clusters appeared elsewhere in more
homogeneous clusters and therefore were still represented in our final results.

Findings

We consolidated the findings of this study in Table 1 and supplemented these findings
with illustrative quotations in the respective sections below.



Table 1: Summary of Domains and Findings

Domain Findings

Social Class e Students’ experiences in college facilitated by family income

e Student's academic progress in college inhibited by their limited financial
support from their family

e Social class does not matter in college

Gender e Female students experienced their female gender as a social stigma
e Engineering and/or STEM culture is dominated by the male gender
e Women now have better opportunities than past

Race e Systemic inequities exist between White and non-White races

e Equal opportunities for all regardless of race, nowadays

e White students tended to disfavor consideration of race in financial aid
offers

e Students socialize with same-race peers in college.

Domain: Social Class

We found four different themes in the domain of social class. First, students' experiences in
college were facilitated by their family income. A White and continued-generation student
expressed her feeling about the availability of parents’ resources for college expenses as:

“I realize that I’'m lucky that I have parents who looked to the future and saved money for
me to go to college.”

In a similar vein, White male students from high-income families recognized agency given to
them by being born in high-income families.

“I feel not that it’s not possible to go far without being born into but being born into a
rich family is a, is overwhelming, puts you above almost anyone else”

“Then, people who are financially well-off, just because that help, that gives you greater
agency when it comes to what you want to do.”

Second, high-income family students expressed concern about fellow students’ academic
progress due to limited financial support from their family and their employment during
studying.

“...paying for books and stuff and, and a laptop and everything, um, you know, if you
don’t have the books or the laptop, I don’t think that you can do well at all.”



“I think, one of the best things about it, is not, is being able to fully focus on academics; I
have friends who have to take up job, and then they have to balance having a job with
studying”

Third, we found conversely that students considered college a level-playing field regardless of
class status. An Asian/Pacific Islander, first-generation engineering student mentioned as:

“If you're considered to be in a particular class especially in this day and age depending
on income level that you have, I don't see a difference”

A fourth theme was that students did not talk about their family income to their peers, as
mentioned by a student:

“I feel like I don’t really talk about income level with other people, and I don’t know
some people don’t feel comfortable talking about their income level so that’s not really a
factor when I talk to other people or associate myself with everyone else.”

Domain: Gender

In the domain of gender, we also found variation in students’ descriptions about the role of
gender in college experiences. First, we found female students experienced their female gender
as a social stigma. A Black female student from a high-income family expressed her feeling as:

“And men just look at women as objects and not as people”
An Asian/Pacific Islander female engineering student said:

“it’s just they don’t care about if women even have a space in life, they’re just like we’re
workers and we’re baby makers that’s it that’s literally our role”

The social pressure being women may give female students the motivation to pursue their goals.
An engineering female student commented:

“I mean, there are going to be people that underestimate you for being a female but...it’s
the best feeling in the world to prove them wrong.”

Other students observed that the culture of engineering and/or STEM at the institution is
dominated by males. A White-male engineering student mentioned:

“... ’m in an engineering heavy thing, I don’t expect to see too many girls and when I do
see a bunch in a class more than say 30 or 40%, it’s very surprising.”

A Black-male student majoring in liberal arts similarly observed:

“...most groups here are um, pretty dominated by men, and are, let’s just talk about this
fact that this is a school that is pretty focused on the STEM majors, and STEM majors are
typically pretty high and men, so for those majors, men typically don’t try to be inclusive
of women”



Nevertheless, there were opinions to the contrary, expressing how women were not excluded
from engineering education, even though women are a minority in the engineering field. A
Black-female engineering student mentioned:

“I don’t see where the men say oh women can’t lead, or women can’t be engineers”

Female students also acknowledged that women have better opportunities than in the past as a
White-female stated:

“I feel like, like women as a whole group have a better opportunity to get ahead than in
the past, just based on, like, in the past, science was like a man’s thing, and, like, women
were mostly known, like, to do housework, a lot of, like, smaller, like, not as significant
thing; now, it becomes more developed, there is feminism, equality for females and
males, so they have a lot more opportunity.”

A Black female student warranted better opportunities for females than past with cautionary
tone:

“Well, I don’t wanna to say, “do not”; I think we have an equal chance, technically have
an equal chance.”

Domain: Race

Finally, as with the other two domains, we found variation in students’ descriptions about the
role of race in college experiences. A Black, first-generation, male student talked about existing
inequities across White and Black races in the society:

” Yeah, whites can get ahead more easily, and I mean blacks have made great strides
obviously and it’s easier for us than it used to be but still not nearly equal I don’t think”

Conversely, another Black, first-generation, male student talked about equal opportunities for all
regardless of race:

“I feel like for the most part people are on the same playing field when it comes to
college and getting ahead”

A White, male, engineering student supported those individualistic ideals of success in the
current society:

“I mean I don’t really see a lot of discrimination or people doing worse just because they
are from a minority group or not of the...I don’t really see like one specific group of
people doing worse it is kind of just random different people do better more it is just
based on themselves not really one whole group.”

Another important theme in our findings is that White students tended to disfavor consideration
of race in financial aid offer as mentioned by a White, first-generation male engineering student:

“Something or you don’t get these five bonus points because you’re white”



A Black, female engineering student talked about the disadvantage of being White for her friends
as:

“Oh, they’re white, of course they will just get in, but then you, I see plenty of my friends
who are like we are like the middle class average white person, we get no financial aid.”

A Hispanic student mentioned advantages of affirmative actions related to minority races as:

“But I still had the advantage of being Hispanic or whatever, and I’m sure that
contributed in some way when you put it on an application because you know what’s it
called, So I have an advantage even though I don’t really deserve and advantage because
I came from a really stable family, with a stable income, so I guess that gives me an
advantage more now than it did in the past.”

We also identified variations in the description of how students socialize with peers in college.
On one end, students of the same race hang together naturally as illustrated by an Asian female
student:

“And, socially, whites are hanging out together, and Asians hang out together; within
Asian students, Asian Americans hang out together, and international students have their
own groups.”

On the opposite end, students mentioned they do not discriminate against students based on
different races in a social setting as elucidated by a White female student:

“I don’t think there’s really a big difference cause I interact with a lot of different people,
and it doesn’t really matter their race.”

Discussion

The results demonstrated a wide variation in students’ perspectives of the role of social
class, gender, and race in shaping their (and other students') college experiences. Such variation
may challenge prevailing assumptions about the uniform effectiveness of student support
programs across various racial, gender, and socioeconomic groups. [23] has given an example of
Black lesbian engineering students whose reality cannot be adequately understood by discrete
conversations on race, gender, and sexual orientation into three separate different groups. We
should in designing both research and practice explicitly focus on the intersectionality of
multiple marginalized identities.

The minoritized students in this study who embody intersectional marginalized identities
face systematic oppression of classism, racism, and sexism. These inequitable experiences shape
the decision-making of a minoritized student to enroll, persist or drop out from the engineering
education ecosystem. Those students have to divert resources (cognitive, emotional, time) in
navigating engineering spaces to avoid social pain caused by a misalignment between dominant
engineering culture and the intersection of their socioeconomic, gender, and racial identities
[[12]. Engineering culture has unique barriers for persons who embody intersectionality
marginalized identities due to engineering being a predominantly White and male space. Yet, as
we saw here in this study, students’ perceptions are more heterogeneous even within a particular



group. Such heterogeneity underscores the importance of considering each student’s lived
experiences and the important nuances researchers and educators must consider.

Here we also want to expound on the implications of our created NLP system for the
engineering education community. Because of the small numbers of historically marginalized
groups in engineering, engineering education researchers have tended to obviate some elements
of intersectional identities. In particular, those using quantitative methodologies may have
considered it “methodologically necessary to aggregate all women together even when subjects’
experiences differ by race or to aggregate all African American persons together even when their
experiences differ by gender” [13]. Unfortunately, in doing so, quantitative research
methodologies may lose the subtle nuances of students’ experiences. On the other end of the
methodological spectrum, qualitative research methodologies can capture the rich description of
students’ experiences, yet those methods can be resource-intensive and have issues related to
scalability and transferability. These logistical challenges and intrinsic quality control issues in
the qualitative research paradigm may be partially addressed by recent state-of-the-art
developments in the NLP.

Conclusion and Future Work

This study publication was based on a research project that used a longitudinal qualitative
research methodology. The research site was an R1, Mid-Atlantic university. For the first
qualitative phase of the research project, in-depth semi-structured interviews were conducted
with 113 undergraduate students at the university - 41 students were from engineering majors,
and 72 were outside of engineering majors. Of the total 113, 5 % (6 out of 113), and 10% (12 out
of 113) of the study sample reported their annual combined family income as less than 25
thousand dollars, or more than 250 thousand dollars, respectively. This study publication
analyzed a portion of those transcribed interviews that were pertinent to the role of social class,
gender, and race in shaping students’ college experiences. With the help of an NLP, human-in-
the-loop workflow, we took, embedded that text corpus, using a pre-trained transformer (a
specific kind of neural network architecture trained to encode inputs and decode outputs), and
perform a sequence of dimension reduction techniques capped with a final clustering step. The
research team then utilized these groupings to perform a thematic analysis of this interview with
a more nuanced understanding than only a human could do. Informed by an intersectionality
lens, the results identified a wide variation (or complexity) in students’ perspectives of the role of
social class, gender, and race in shaping their (and or other students') college experiences.

In the future, we intend to enhance the scope of analysis using the same NLP-assisted
approach used in this publication for the remaining portions of the interviews collected data in
the research project. Those interviews contain questions and comments about e remaining
portion of the project data related to students’ high school to college transition, college
experience, family and friends, and career goals. Further, we also intend to build a convenient
application programming interface so that a researcher without a familiarity with computer
coding could use our created NLP approach to analyze a large corpus of textual data in their
work.
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Appendix A

Excerpt of Interview Protocol Related to Social Class, Gender, and Race

Background

- Age
- Race/ethnicity (when you are asked)
- Race/ethnicity (at home or among friends)
- Born in the United States?
- IF NO: Keeping in mind that your responses are confidential and you can
opt out of responding, what is your current citizenship status?
- Probe: are you currently working towards gaining citizenship in
the US?
- Please tell me a bit about your life growing up: your siblings, your
parents, and the places you have lived.
- What was the highest grade/degree your parents completed?
- IF COLLEGE: what college?
0 Probe: [if R says parents did not attend] Did they participate in
any post-high school training of any kind?
- Occupation(s) of parent(s)
IF ANY SIBLINGS: What are your siblings doing now?
- Do your parent(s)/guardian(s) own or rent their residence?
- Can you estimate your parents’ income level?
0 Probe: [Show card] Here are a number of income ranges. Would
you say your parents’ combined income is (less than 25k,
between 25-50k, between 50-100k, 100-250k, more than 250k?)

Social Class, Gender,
and Race

Are there any people or groups that have a better opportunity to get ahead
today than in the past?

-IF NO: So there are no people or groups that have better opportunities today
as compared with in the past?

-IF YES: Please tell me more about that. What makes you think so? How does
knowing that make you feel (good, bad, it’s unfair, etc.)?

Do you think that people of all races have an equal chance to do well at [this
college]? Why? Why not?

Do you think that people of all genders have an equal chance to do well at
[this college]? Why? Why not?

Do you think that people with disabilities have an equal chance to do well at
this college? Why? Why not?

Do you think this college is accessible for people with disabilities?

Do you think people of all income groups can do well at [this college]? Why?
Why not?

What is it like to be [insert respondent’s stated race/ethnicity] at this school?

What is it like to be [stated gender] at [this college]?

What is it like to be [stated income level] at [this college]?

What is it like to be [a person with a disability] at this college?







