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ABSTRACT OF THE DISSERTATION

Ranking and Sorting:

An Examination of Positional and Relational Dynamics in Higher Education
by
Wesley Jeffrey
Doctor of Philosophy in Sociology
University of California, Irvine, 2024

Professor David R. Schaefer, Chair

Sociologists of education have a longstanding interest in studying the relationship between
schooling and inequality in society. While we know education matters for who gets ahead, we
still know relatively less about the processes and mechanisms behind this relationship. In my
dissertation, | focus on higher education as a key site where stratification plays out and examine
various ways in which individuals are ranked and sorted relative to one another. Conceptually, |
extend insight into the positional (i.e., hierarchical) and relational (i.e., network) dynamics of
postsecondary schooling. | draw upon sociological theories relevant to the social stratification,
organizations, and social networks literatures. Through both regression-based and social network
analyses, my dissertation adds to our understanding of differential sorting into and through the
first year of college. In so doing, | shed additional light on how and why students end up at
distinct institutions, as well as the causes and consequences of the social networks that emerge
once they arrive on campus.



INTRODUCTION

“Differentiating humans means distinguishing them perceptively
and shaping them physically, categorizing them lingually and
sorting them classificatorily, but also subjecting them to unequal
evaluative treatment, segregating them spatially, and separating
them permanently on an institutional basis.”

-Stefan Hirschauer

Sociologists of education have a longstanding interest in studying the relationship
between schooling and inequality in society (Jencks 1972). A key insight from this line of work
is that education is a principal mechanism linking social origin to occupational destination (Blau
and Duncan 1967). Although sociologists have drawn much attention to the potential role of
education in stratifying populations, we still know relatively less about how and why this occurs.

To shed light on possible processes and mechanisms relevant for the intergenerational
transmission of advantage, my dissertation focuses on higher education as a key site where
stratification is likely to occur. In turn, here | study the transition to college, as this period
represents a critical juncture when disparities are likely to emerge (Jeffrey 2020). Theoretically, 1
aim to analyze positional (i.e., hierarchical) and relational (i.e., network) dimensions of
postsecondary schooling, and their consequences for inequality and learning in higher education.

First, an educational credential can be viewed as a positional good in that its value stems
in part from its relative scarcity in the population (Shavit and Park 2016). However, educational
credentials are also positional in that different degrees carry unequal earnings potential. For
example, research has documented differential returns by institutional selectivity (Chetty,
Deming, and Friedman 2023), major or field of study (Wolniak et al. 2008), and academic
performance in college (Rumberger and Thomas 2000). Thus, each of these forms of horizontal

stratification in higher education (Gerber and Cheung 2008) points to ways in which students



may be ranked relative to one another. Importantly, these dimensions of ranking take place
across and within institutions.

Second, a relational view of education draws our attention to the networks in which
students are embedded (Kolluri and Tierney 2020) and how social connections may impact
student outcomes (Felten and Lambert 2020). Sociologists understand that friendships matter in
school settings and that these relationships may be especially valuable for traditional-aged
college students who are making the transition to adulthood (Epstein and Karweit 1983). College
students spend a significant amount of time with their friends, and as such, they represent an
important form of peer social capital (McCabe 2016). Consequently, better understanding the
nature of who is connected to whom and how friends may influence one another over time seems
critically important.

In Chapter 1, | combine insight from Boudon’s (1974) inequality of educational
opportunity framework with the status attainment perspective to study the gap in college
application selectivity between higher- and lower-SES students. Drawing upon data from the
High School Longitudinal Study of 2009, | investigate the contribution of theoretical factors to
the class-based gap in the selectivity of college applications. Through a series of Heckman
selection models, as well as a Blinder-Oaxaca decomposition analysis, I study #ow and why
students differ in their application behavior by SES.

In Chapter 2, | draw upon focus theory to study how organizational practices impact the
friendship networks of entering students. Namely, utilizing a novel methodological approach, |
combine a quasi-experimental design with social network analysis to examine how placement

into a freshman learning community shapes the size, strength, structure, and composition of



student friendship networks. I use two freshman biological sciences cohorts at a large, selective
public university to study these relationships.

In Chapter 3, | extend the concept of curricular differentiation to higher education to
study how routine curricular practices shape the friendships that arise. | draw upon complete
longitudinal friendship network data across two freshman cohorts to examine how and to what
extent allocating students to curricular groups and grading their performance in class shapes 1)
processes of friend selection at the dyadic level and 2) friendship clustering at the network level.
| utilize a set of stochastic actor-oriented models, as well as two follow-up analyses, to
understand the nature and magnitude of these effects.

Overall, my dissertation project entails an examination of various ways in which
individuals are ranked and sorted in higher education. Conceptually, I build upon prior
stratification research to reveal different positional and relational mechanisms within
postsecondary schooling that may have implications for intergenerational mobility in the US
context. Methodologically, my dissertation includes analyses that span the macro, meso, and
micro levels. Through both large-scale, nationally representative data as well as smaller-scale,
in-depth longitudinal social network data, this project illuminates several processes of
stratification occurring at different levels of analysis. It also draws attention to where further
research is needed. For example, findings presented here point to the need for more insight into

the link between social networks and learning in higher education.



CHAPTER 1
Unpacking the Gap:

Socioeconomic Background and the Stratification of College Applications in the
United States

ABSTRACT

While a substantial body of work has shown that higher-SES students tend to apply to more
selective colleges than their lower-SES counterparts, we know relatively less about why students
differ in their application behavior. In this study, we draw upon a sociological approach to
educational stratification to unpack the SES-based gap in college application selectivity. Using
data from the High School Longitudinal Study of 2009, we examine the contribution of
theoretical factors to the class-based gap in the selectivity of college applications. Namely, from
the rational action model we estimate the contribution of performance differentials and choice
differentials, while from the status attainment model we look at the level and type of educational
expectations as well as the number of applications submitted. Through a series of Heckman
selection models, as well as a Blinder-Oaxaca decomposition analysis, we can explain 85% of
the gap in college application selectivity between students in the top and bottom SES quintiles.
In turn, we estimate that 60% of this explained portion is due to rational action mechanisms such
as grades and test scores while 35% is due to status attainment mechanisms. Finally, we reveal
that SES moderates the relationship between type of expectations and application selectivity. We
find that the payoff to higher expectations (in terms of selective applications) disproportionately
accrues to higher-SES students.

Keywords: college application selectivity, socioeconomic status, rational action, status
attainment, educational expectations



INTRODUCTION

Sorting into higher education entails a complex set of actions of both students and
colleges (Grodsky and Jackson 2009). Even so, one step that is especially influential in shaping
where students ultimately enroll is the application process (Bowen, Chingos, and McPherson
2009; Holzman, Klasik, and Baker 2020). Mirroring enrollment gaps by social background (Alon
2009; Chetty et al. 2020; Reardon, Baker, and Klasik 2012), a growing number of studies have
documented application disparities across socioeconomic groups (An 2010; Holland 2014;
Mullen and Goyette 2019). Namely, high-SES students are significantly more likely to apply to
selective institutions compared to their low-SES counterparts (Hoxby and Avery 2012; Mullen
and Goyette 2019; Radford 2013). While it is well documented that these gaps exist, we know
less about why students vary in their application behavior.

Comparing two well-developed sociological theories linking social origins to educational
stratification, we undertake a quantitative investigation of how and why high- and low-SES
students differ in their college application behavior. First, applying the rational action model
developed within Boudon’s (1974) framework of inequality of educational opportunity (IEO), we
analyze how performance differentials (or “primary effects”) and choice differentials (or
“secondary effects”) vary by social class and what role they play in explaining SES-based gaps
in college applications. Second, building upon the status attainment model (Sewell, Haller, and
Portes 1969), we examine how unequal educational expectations contribute to class-based
disparities in where students apply to college. Importantly, we measure educational expectations
in terms of not only the level of education students plan to obtain (i.e., how far) (Mullen and
Goyette 2019), but also the type of college students plan to attend (i.e., where) (Gerber and

Cheung 2008). Finally, we include the number of applications submitted as a strategy



differentially employed by students of varying socioeconomic backgrounds to improve their
chances of admission to selective colleges (Radford 2013).

We utilize data from the most recent nationally representative sample of high school
students in the United States—the High School Longitudinal Study of 2009 (HSLS:09)—to
examine: 1) how performance differentials, choice differentials, unequal educational
expectations, and the number of applications submitted contribute to the class-based gap in
college application selectivity, and 2) whether the link between expectations and applications
differs by socioeconomic background. While past work in this area has tended to focus on only
the highest-performing students (Hoxby and Avery 2012; Lor 2023; Radford 2013), we take a
broader approach and examine the application behavior of all high school graduates. Moreover,
in this analysis, we do not impose restrictions in terms of which students we deem a “match” for
a particular type of institution (Mullen and Goyette 2019; Roderick, Coca, Nagaoka 2011; Roksa
and Deutschlander 2018; Smith, Pender, and Howell 2013). For example, because colleges and
universities generally rely upon a host of factors when making admissions offers—not just
academic metrics—we prefer an open approach to college applications rather than restrict our
analysis to an overly narrow set of measures.

To preview our results, we can explain 85% of the gap in college application selectivity
between students in the top and bottom SES quintiles. We estimate that 60% of this explained
portion is due to rational action mechanisms (e.g., GPA, standardized test scores, etc.), while
35% is due to status attainment mechanisms (i.e., educational expectations and number of
applications). In turn, we reveal a significant interaction between SES and type of expectations
on application selectivity. For instance, we estimate that average-performing, low-SES students

with the highest expectations have a 31% predicted probability of applying to selective colleges,



compared to 46% among their high-SES counterparts.* Overall, we believe this study provides
the most comprehensive quantitative investigation to date into the drivers of the SES-based gap

in college application selectivity.

BACKGROUND

Over the past few decades, a growing literature has drawn attention to SES-based gaps in
where students apply to college. Prior work analyzing nationally representative datasets of
students in the U.S. has consistently shown differential rates of application to selective colleges
by socioeconomic background. For example, using data from the National Education
Longitudinal Study of 1988, Cabrera et al. (2000a) highlight significant gaps in the probability of
applying to four-year colleges by SES quartile. Likewise, drawing upon the Education
Longitudinal Study of 2002, several studies have shown that higher-SES students are more likely
to apply to selective colleges compared to their lower-SES counterparts (An 2010; Mullen and
Goyette 2019; Roksa and Deutschlander 2018). Finally, recent work using the High School
Longitudinal Study of 2009, has documented significant gaps in the selectivity of college
applications between students in the top and bottom income quartiles (Holzman, Klasik, and
Baker 2020). While these and other studies have provided strong evidence that SES shapes
stratified college applications, we know relatively less about why. Comparing two sociological
models of educational stratification, we aim to unpack the various mechanisms that give rise to

these unequal patterns.

Rational Action Model of Stratified Applications

L All other factors were held to their mean values (see Figure 1.3).
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One potential sociological framework for understanding the SES-based gap in college
applications is the rational action model (Grodsky and Jackson 2009) of educational inequality
developed most in-depth by Boudon (1974). According to this perspective, social origins shape
unequal educational outcomes via performance differentials (or primary effects) and choice
differentials (or secondary effects). Whereas the former mechanism draws attention to the role of
the achievement gap in linking socioeconomic background with educational stratification, the
latter mechanism looks at variation net of (or conditioning on) performance disparities (Jackson
2013). While we know that both mechanisms likely matter for where students apply, relatively
little work has estimated the relative contribution of each mechanism to stratified college
applications by class background.

First, according to primary effects of the rational action model, students from varying
socioeconomic backgrounds may sort into distinct pools of applicants by aligning the selectivity
of their applications with their performance levels—as measured by grades and standardized test
scores. This would occur if students only applied to schools that seemed to “match” their high
school academic credentials (Hoxby and Avery 2012; Mullen and Goyette 2019). In general, past
research has shown that academic achievement measures are associated with selective
applications (An 2010) and that gaps in academic qualifications help to explain stratified college
destinations by family income (Bastedo and Jaquette 2011; Holzman, Klasik, and Baker 2020).
However, it remains unclear how much performance differentials contribute to the SES-based
gap in college applications.

Second, according to secondary effects of the rational action model, there are reasons to
suspect that even after accounting for performance disparities, students may still apply to

different types of colleges based on their class origins. This could arise for a variety of reasons.



For example, students from varying social backgrounds may have differential access to
information about college and ways to finance their education (Hoxby and Avery 2012; Hoxby
and Turner 2013; McDonough 1997; Robinson and Roksa 2016). They may also face differing
constraints in terms of the factors they consider most important when making their
postsecondary decisions (Hossler, Schmit, and Vesper 1999; Mullen 2011; Perna 2006; Roksa
and Deutschlander 2018). Indeed, qualitative research of high-performing students has
uncovered various ways in which socioeconomic background continues to shape the types of

colleges students apply to, even among this very select group (Lor 2023; Radford 2013).

Status Attainment Model of Stratified Applications

A second sociological framework for understanding the SES-based gap in college
applications is the status attainment model (Grodsky and Jackson 2009). According to this
perspective, differential expectations are a critical mechanism linking social origins with
stratified educational outcomes. Indeed, pioneering work among sociologists within the status
attainment tradition demonstrated the role of expectations in linking socioeconomic background
with unequal educational destinations (Haller and Portes 1973; Sewell, Haller, and Portes 1969).
In turn, recent work has revealed that differential educational expectations help to explain SES-
based gaps in where students apply to college (Mullen and Goyette 2019).

However, until now most research has been limited to measures of educational
expectations in terms of how far students plan to go in school (i.e., level). We argue that in the
current era of increasing access, differentiation, and competition within higher education (Alon
2009; Bastedo and Jaquette 2011; Mullen 2011; Taylor and Cantwell 2019), student expectations
for where they will attend college (i.e., type) also matters. Namely, a substantial body of work

provides reasons to suspect that more advantaged students may develop selective expectations



for certain kinds of educational credentials that can facilitate their access to high-status positions
in society (Goyette 2008; Lucas 2001; Mullen 2011; Reay, David, and Ball 2005). These
heightened expectations could arise due to more frequent and active discussions surrounding
college for high-SES students that take place at home, among peers, and with institutional agents
such as high school counselors or private college consultants (Cabrera and La Nasa 2000b,
McDonough 1997, Perna and Titus 2005; Roksa and Deutschlander 2018). The culmination of
varying family and schooling environments may lead high-SES students to develop a sense of
“entitlement” for a particular type of collegiate education (Ford and Thompson 2016;
McDonough 1997:9; Roderick, Coca, Nagaoka 2011).

Additionally, due to increasing competition within higher education, we also examine the
extent to which the number of applications students submit contributes to the SES-based gap in
college application selectivity. For instance, students may submit more applications as a strategy
to improve the likelihood that they are accepted to at least one selective college (Roderick, Coca,
Nagaoka 2011). Not surprisingly, advantaged students are better positioned to handle the
material costs of submitting applications when fee waivers are not available or widely known
(Hoxby and Turner 2013). Indeed, past work has shown that higher-SES students submit more
college applications, on average (Mullen and Goyette 2019; Radford 2013), and that this practice
helps to explain class-based disparities in where students apply (Mullen and Goyette 2019;
Roksa and Deutschlander 2018).

In sum, both the rational action model and the status attainment model highlight ways in
which class background may shape stratified college applications. While the rational action

model draws attention to the costs and benefits of applying to different schools, the status
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attainment model focuses on the socialized and taken-for-granted aspects of the college

application process.

Differential “Returns” to College Plans

Finally, scholars of social stratification argue that differential return processes can also
contribute to inequality between groups (Persell, Catsambis, and Cookson Jr. 1992). For
example, in our case, high-SES students may not only benefit from the types of colleges they
plan to attend but also from greater return on their expectations. This could occur, for instance, if
the association between the type of college students expected to attend, and the selectivity of
their applications grew as SES increased.

There are a couple reasons to suspect that SES may moderate the relationship between
expectations and college applications in this way. First, high-SES students may be more likely to
enact their college plans due to greater familiarity with the concrete steps necessary to apply to
top colleges (Morgan 2018). Second, even among those who plan to attend a selective college,
barriers during the actual application process may differentially impact students from varying
class backgrounds. For example, recent work shows that the complexity of the college
application process—especially the essay portion—may unequally lead low-SES students to start

but not finish their application submissions (Odle and Magouirk 2023).

DATA AND METHODS
For this analysis, we draw upon the first follow-up wave (carried out in 2012) and the
2013 update of the High School Longitudinal Study of 2009 (HSLS:09). The data are a

nationally representative sample of 9" graders from more than 900 high schools (public and
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private) collected by the National Center for Education Statistics (NCES) in 2009. As stated by
NCES, the purpose of the data collection is to monitor the transition of a national sample of
adolescents from their high school experiences through their postsecondary years.

The data were collected during the spring of their junior year, the spring of their senior
year, and three years after high school graduation. One of the innovative features of the HSLS is
an enhanced focus on the dynamics of educational decision-making, especially as it relates to
college choice factors (Ingels et al. 2013). Thus, the HSLS is an ideal dataset for understanding
how and why SES-based disparities arise among students during the application stage of the
college-going process.

The analytic sample for this study is restricted to students who have acquired a high
school degree or equivalent, since we are interested in looking at college application decisions.
Missing values were addressed using multiple imputation with chained equations (MI) in Stata
with ten imputed datasets. We use the dependent variable in the imputation equations, but all
analyses are estimated using only non-missing values of the dependent variable (Von Hippel

2007).

Measurement
College Application Selectivity

The dependent variable for this study is the selectivity of college applications as indicated
by the highest institutional selectivity among top choice schools applied to or registered at (up to
three available through the 2013 HSLS update data file).? Institutional selectivity is measured

using the 2011-2012 admissions rate (including open admissions) collected by the NCES

2 |deally, we would have information on every school the student applied to, but HSLS is limited to information on
up to three schools the student “most seriously considered”. This is less problematic, however, given that students in
the sample applied to less than three schools, on average.
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Integrated Postsecondary Education Data System (IPEDS). To ease interpretation, we reverse
code the measure so that a higher value corresponds to greater selectivity (i.e., higher rejection
rate). We acknowledge that much of the prior work in this area has drawn upon the Barron’s
Competitiveness Index measure to examine institutional selectivity (An 2010; Brewer, Eide, and
Ehrenberg 1999; Holzman, Klasik, and Baker 2020; Roksa and Deutschlander 2018).
Supplementary analyses utilizing this measure of selectivity produce strikingly similar results
(see S1.1). Ultimately, we utilize the continuous IPEDS measure over the categorical Barron’s

measure.

Socioeconomic Status (SES)

The main independent variable is a measure of the student’s socioeconomic background
as indicated by their SES composite score. In the HSLS:09 dataset, this variable is a combined
index of parental education level, parental occupational prestige score, and family income (see
Ingels et al. 2013 for details). While the main analyses draw upon the continuous measure of
SES, we also utilize SES quintiles to compare gaps in the outcome between those in the top 20%

and bottom 20%.3

Performance Differentials

To estimate how differential academic performance contributes to the SES-based gap in
college applications, we draw upon several high school academic metrics. We include overall
11"-grade GPA, since this most accurately represents the period surrounding a students’
expectations during the spring of their junior year and will be what the students ultimately use to

apply to colleges the following fall of their senior year. We also include a dichotomous indicator

3 Supplementary analyses utilizing deciles or quartiles produce similar results (see S1.2, S1.3).
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of AP coursework (yes=1; no=0)—which is a measure of whether the student has taken any AP
classes as of spring of their junior year—since this has been shown to matter for enrollment at
top colleges (Espenshade and Radford 2009). Additionally, we account for the students’
standardized test score since research shows this metric may influence how students gauge their
own competitiveness for college admissions (Meyer 1970). This measure indicates 1) the
composite SAT score for students who took the test, 2) the converted equivalent using a
respondents’ ACT score, or 3) the predicted equivalent using the standardized theta score (T-

score) gathered as part of the HSLS-administered 11"-grade math assessment.

Choice Differentials

To estimate how choice differentials contribute to the SES-based gap in college
applications, we include a host of variables that measure access to informational resources as
well as college considerations. In terms of informational resources we include: attendance of a
program at, or taken a tour of, a college campus (yes=1; no=0); searching for college options
through the internet or through reading college guides (yes=1; no=0); talking with a high school
counselor (yes=1; no=0); and talking about options with a counselor hired to prepare for college
admission (yes=1; no=0). We also include a measure of taking a course to prepare for a college
admission exam (yes=1; no=0).

In terms of college considerations, we account for the importance of several factors in the
decision-making process. Distance measures whether being close to home is an important
consideration (very important=1; somewhat important/not at all important=0). Differential
perceptions of cost are measured in terms of the importance of cost of attendance (very
important=1; somewhat important/not at all important=0). Academic quality/reputation measures

the importance of institutional prestige (very important=1; somewhat important/not at all

14



important=0), and family/friend recommendation (very important=1; somewhat important/not at
all important=0) as well as family legacy (very important=1; somewhat important/not at all
important=0) capture the familial influence component of the college choice decision. We also
include the importance of whether the degree program of interest is offered at the school (very
important=1; somewhat important/not at all important=0), the importance of graduate school
placement (very important=1; somewhat important/not at all important=0), job placement (very
important=1; somewhat important/not at all important=0), the importance of the opportunity to
play school sports (very important=1; somewhat important/not at all important=0) and the
perception of campus social life / school spirit (very important=1; somewhat important/not at all

important=0).

Educational Expectations

We measure educational expectations in terms of both level and type. Educational
expectations (level) is the conventional measure of expectations and indicates how far a student
plans to go in school (less than high school=1; high school=2; some college=3; associate’s or AA
degree=4; bachelor’s or BA degree=>5; graduate or professional degree=6).* Educational
expectations (type) indicates the kind of college students plan to attend after high school based
on 2011-2012 IPEDS admissions data. To create this measure, we use the student questionnaire
from the first follow-up wave in 2012, when students were largely in their junior year. In a
section of the interview about future plans and preparations, students were asked “What [school
that provides occupational training/ 2-year college/ 4-year college/school or college] are you

most likely to attend? (Please type in the full name. Do not use abbreviations).” Thus, this

4 About 9% of students responded “don’t know”. We coded these students as missing and estimated a value for them
during the imputation process.
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question captures a students’ college plans unconditioned by whether they actually applied or
were admitted (Niu and Tienda 2008). The responses were coded in the same way we coded the

selectivity of college applications.®

Number of Applications
We include a measure of the number of applications submitted, since this likely varies by
SES (Radford 2013) and has been shown to matter for the types of colleges students apply to

(Mullen and Goyette 2019; Roderick, Coca, Nagaoka 2011).

Control Variables

We account for other covariates at the individual level that could also influence the
selectivity of college applications. Specifically, we include measures of race/ethnicity—(non-
Hispanic white=reference group) with indicators for Hispanic or Latinx, Black/African
American, Asian/Asian American, and multiracial/other—and gender (female=1; male=0).

At the school level, there are a host of factors that could also influence the selectivity of
college applications among students from diverse backgrounds. Namely, the types of high
schools that low- and high-SES students attend likely differ in terms of their ability to promote
selective college applications (Roderick, Coca, and Nagaoka 2011). Since we know students sort
into different high schools based on their family income, we include aspects of the schooling
context that past research has shown to differentially promote the transition to college for
students from varying socioeconomic backgrounds (Turley 2009). Specifically, we include

measures of school control (public=0; Catholic=1; other private=2), school type (regular=0;

5 Around 27% of students responded “don’t know”. We coded these students as missing and estimated a value for
them during the imputation process. Supplementary analyses utilizing listwise deletion (see S1.4) as well as analyses
of those who responded “don’t know” (see S1.5) show similar patterns as the main results.
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charter school=1; special program school=2; other including career/ technical/ vocational/ and
alternative=3), school urbanicity (city=0; suburb=1; town=2; rural=3), and geographic region
(New England=0; Middle Atlantic=1; East North Central=2; West North Central=3; South
Atlantic=4; East South Central=5; West South Central=6; Mountain=7; Pacific=8). Lastly, we
account for high school size using a measure of the total enrollment of students in grades 9-12,
and the percent low-income which indicates the percent of the student body receiving free or

reduced-price lunch.

Analytic Strategy

To examine how and why high- and low-SES students differ in their college application
behavior, we draw upon a series of Heckman regression models with selection to estimate the
selectivity of college applications using measures of performance differentials, choice
differentials, unequal educational expectations, and the number of applications submitted. In
general, the class of Heckman models are a common strategy for dealing with sample selection
bias when observation of the outcome is not missing at random (Heckman 1979; Stolzenberg and
Relles 1997). Thus, Heckman selection models are appropriate for purposes of our study since,
in our case, we expect systematic differences in who applies to college (i.e., censoring bias). For
example, we know SES predicts whether a student will apply to any college (Odle and Magouirk
2023). We utilize the heckman command in Stata to implement a two-step model that first
estimates a probit equation to predict the probability of applying to college. The second equation
then fits a regression model of the highest selectivity level of college applications, conditional on
applying. For this analysis, we draw upon the same set of predictors in both the selection and
outcome equations, except we omit the number of applications in the selection equation, since

inclusion of this variable leads to model degeneracy.
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To compare the relative contribution of the rational action model with the status
attainment model, we perform a Blinder-Oaxaca decomposition analysis of the application gap
between students from the top and bottom SES quintiles. The Blinder-Oaxaca decomposition
approach is commonly used to study mean outcome differentials between two groups (Blinder
1973; Oaxaca 1973). We utilize the oaxaca command in Stata (Jann 2008) to carry out the
decomposition analysis. Doing so allows us to divide the gap in college applications into three
components: 1) the part that is due to group differences in the predictors (or “endowments
effect”), 2) the part that is due to differences in the coefficients including the intercept (or
“coefficients effect”), and 3) an interaction term that accounts for the simultaneous interplay
between the first two components (Jann 2008). For the estimation parameters, we draw upon the
same Heckman selection model specification as the full Model 5. Consequently, this part of the
study will provide an estimate of the contribution of each theoretical factor to the gap in college
applications by socioeconomic background. Doing so allows us to make comparisons of the
relative contribution of each theoretical mechanism to the SES-based gap in college applications.

Model 1 provides a baseline estimate of inequality in college applications by student SES
without any covariates. Model 2 adds the individual- and school-level control variables. Model 3
includes the measures from the rational action model and Model 4 includes the measures from
the status attainment model. Model 5 is the full model that includes all measures analyzed in this
study. Finally, to test whether the link between expectations and applications differs by
socioeconomic background, we run an additional analysis (Model 6) that includes an interaction

term between SES and college expectations (type).

RESULTS

Figure 1.1. Distribution of College Application Selectivity by Top and Bottom SES Quintiles
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NOTE: Estimates are limited to those with a high school degree or equivalent.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2013.

U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.

Figure 1.1 provides a visual representation of the gap in college application selectivity by
student SES. Namely, the two histograms displayed highlight the distinct distributions in college
applications between students from the top and bottom SES quintiles. We can see that whereas
high-SES students tend to apply to more selective colleges (i.e., higher rejection rate or lower
admissions rate), low-SES students tend to either apply to less selective colleges or none at all.
To unpack why we see these unequal patterns in college applications by socioeconomic
background, we first undertake a bivariate analysis before turning to the multivariate regression

models.

Table 1.1. Bivariate Analysis of Key Measures between Top and Bottom SES Quintiles
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Measure

Dependent variable
Application selectivity (most selective based on IPEDS data)
Applied (yes=1)
Main independent variable
SES composite score (-2 to 2)
Rational action model
Performance differentials
11th-grade GPA
AP coursework (yes=1)
Standardized test score (SAT or equivalent)
Choice differentials
Informational resources
Attended program at or taken tour of college campus (yes=1)
Searched for college options (yes=1)
Talked w/ high school counselor (yes=1)
Talked w/ college admission's counselor (yes=1)
Took preparatory course for college admission exam (yes=1)
College considerations
Being close to home (very important=1)
Cost of attendance (very important=1)
Academic quality/reputation (very important=1)
Family/friend recommendations (very important=1)
Family legacy (very important=1)
Degree program (very important=1)
Graduate school placement (very important=1)
Job placement (very important=1)
Play school sports (very important=1)
Campus social life / school spirit (very important=1)
Status attainment model

Educational expectations (level ranging from 1 <HS to 6 MA+)

Educational expectations (type based on IPEDS data)
Number of applications submitted

Top
20%
Mean/
prop.

43.95
97

1.03

3.26
.60
1121

.68
.92
.70
13
.60

15
54
.85
21
.07
.78
57
.70
18
.59

5.45
40.43
4.02

Bottom
20%
Mean/
prop.

23.34
.78

-1.05

2.62
.29
876

45
.80
.61
13
41

31
12
71
23
.09
12
.60
.76
23
.58

451
29.13
2.05

P-value

*kk

*k*k

**k*k

**k*k
*k%

*k*k

*k%
**k*k

*k%

*k%k

*k%k
**k%k

*k%k

*k*k
*%
*k*k

*k%

*k%k
*k%k

*k*k

Tp<.10; *p<.05; **p<.01;***p<.001

NOTE: Estimates are limited to those with a high school degree or equivalent.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School

Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary

Education Data System (IPEDS), 2011-2012.
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Like the histograms, Table 1.1 highlights significant differences in college applications
between students from the top and bottom SES quintiles. As expected, we see that high-SES
students not only are more likely to apply to any college, but when they do, they tend to apply to
more selective colleges compared to their low-SES counterparts. In turn, looking at the key
measures shown, we find that most factors differ significantly between high- and low-SES
students. For example, in terms of performance differentials, we see that high-SES students tend
to have significantly higher GPAs and test scores than low-SES students (p<.001). Likewise, we
see that high- and low-SES students vary in several important ways in terms of access to
informational resources and the factors they consider when making their college choice decision.
Finally, we see that high- and low-SES students differ significantly in terms of how far they plan
to go in school (p<.001), the type of college they plan to attend (p<.001), and the number of
applications they submit during the college application phase (p<.001). To understand how these
differences may matter for inequality in college applications by SES, we turn to a series of

Heckman selection models.

Table 1.2. Heckman Regression Model of College Application Selectivity

(N=15,130)

Variable Model 1 Model 2  Model 3 Model4  Model 5
SES 23.20***  10.65%**  247***  3,90***  1.06***

(4.40) (.624) (.324) (.328) (.279)
Constant 11.92 25.37 -51.78 -16.69 -42.41
Inverse Mills Ratio (lambda) 88.36**  23.42*** 17.08***  8.58** 5.27*
Controls X X X X
Performance differentials X X
Choice differentials X X
Educational expectations X X
Number of applications X X

Tp<.10; *p<.05; **p<.01;***p<.001

NOTES: Standard errors in parentheses.

Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.
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U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.

Results of the Heckman selection models in Table 1.2 provide three main takeaways.
First, across models we find that the inverse Mills ratio is significant, thus providing statistical
support for use of the selection model over standard OLS. Second, whereas the baseline Model 1
indicates that a one-unit increase in the SES composite score is associated with an increase in the
application selectivity (or rejection rate) by 23.20 (p<.001), in the full Model 5 this relationship
drops to just 1.06 (p<.001). Third, from Models 3 and 4 it seems that the rational action model
has greater explanatory power compared to the status attainment model based on the relative size
of the SES coefficient across models. Namely, the SES coefficient decreases more in Model 3
compared to Model 4. However, to get a more precise estimate of how much performance
differentials, choice differentials, educational expectations, and the number of applications,
contribute to the SES-based gap in college applications, we turn to the Blinder-Oaxaca

decomposition analysis.

Figure 1.2. Relative Contribution to Gaps in College Application Selectivity between Top and
Bottom SES Quintiles from Blinder-Oaxaca Decomposition Analysis
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U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.

From the results of the Blinder-Oaxaca decomposition analysis shown in Figure 1.2 (also
see S1.3), we get a deeper understanding of how the underlying mechanisms contribute to the
SES-based gap in college applications. First, we see that around 85% of the application gap is
due to group differences in the predictors (i.e., “endowments effect”), and 15% of the gap is due
to differences in the coefficients (i.e., “coefficients effect”). Although not shown, the “interaction
effect” overall did not significantly contribute to the gap in applications (p>.10). Second, when
we compare the contribution of the two sociological models in terms of the endowments effect,
we see that factors from the rational action model contribute relatively more to the college
application gap. Namely, 60% of the endowments effect is due to rational action mechanisms,
whereas 35% is due to status attainment mechanisms. Finally, while several factors contribute

significantly in terms of the coefficients effect, one that is particularly relevant is the type of
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educational expectations. To further examine this, we test the interaction between SES and
educational expectations.
Table 1.3. Heckman Regression Model Testing

Interaction Effect of SES and Educational
Expectations on College Application Selectivity

(N=15,130)
Variable Model 6
SES -0.17
(.524)
Educational expectations (type) 0.25***
(.010)
SES X Educational expectations (type) 0.03**
(.012)
Constant -40.77
Inverse Mills Ratio (lambda) 3.82¢%
Controls X
Performance differentials X
Choice differentials X
Educational expectations X
Number of applications X

Tp<.10; *p<.05; **p<.01;***p<.001

NOTES: Standard errors in parentheses.

Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National Center
for Education Statistics, High School Longitudinal Study of
2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for Education
Statistics, Integrated Postsecondary Education Data System
(IPEDS), 2011-2012.

Model 6 in Table 1.3 reveals a significant interaction between SES and educational
expectations (type) (0.03; p<.01). Thus, we find evidence of differential returns to educational
expectations by SES in both the Blinder-Oaxaca decomposition analysis as well as this final
model. To better grasp how the lower- and higher-order terms combine to shape selective college
applications, we utilize Stata’s margins command to produce a predicted plot of the focal
relationships. First, we generate a dichotomous measure of “selective colleges” based on whether
the institution accepts less than half its applicants (yes=1; no=0), which is roughly equivalent to

Barron’s “most competitive” and “highly competitive” categories (see S1.4). Next, we run a
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heckprobit selection model with the interaction terms to estimate the likelihood of applying to a
selective college. Finally, we use margins to estimate the predicted probability of applying to
selective colleges at varying levels of SES and educational expectations, while holding all other

factors at their mean values.

Figure 1.3. Likelihood of Selective Applications by SES and College Expectations (Type)

Predicted probability

-2 -15 -1 -5 0 5 1 1.5 2
SES composite score

—&—— (Open admissions
Admissions rate - 80%
Admissions rate - 60%

® Admissions rate - 40%

—&— Admissions rate - 20%

NOTES: Estimates are limited to those with a high school degree or equivalent and are conditional on those
applying to college.

All other factors held at their mean values.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School Longitudinal
Study of 2009 (HSLS), 2012, 2013.

In general, Figure 1.3 highlights that across SES as expectations increase (blue — red),

so does the predicted probability of applying to selective colleges. For example, low-SES
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students who expect to attend an institution with an 80% acceptance rate (i.e., light blue dot at -
1) have an 11% predicted probability of applying to a selective college compared to 23% among
those who expect to attend a college with a 40% acceptance rate (i.e., orange dot at -1),
controlling for all other factors. We also observe patterns related to the interaction effect. For
instance, among high-SES students with the same expectations as the low-SES students just
discussed, their predicted probabilities of applying to a selective college are 11% (i.e., light blue
dot at 1) and 32% (i.e., orange dot at 1), respectively. Thus, we see that among average-
performing high school students in the U.S., high expectations do not translate into selective
applications equally for those from high- and low-SES backgrounds. In other words, the returns
to high expectations, in terms of selective applications, seem to pay off most for those from more
advantaged backgrounds even when accounting for a host of factors that are known to matter for

college admissions.

DISCUSSION

Although most high school graduates in the U.S. make the transition to some type of
college, gaps in where students apply are evident by socioeconomic background (An 2010;
Bowen, Chingos, and McPherson 2009; Holzman, Klasik, and Baker 2020). While a substantial
body of work has shown that higher-SES students tend to apply to more selective colleges than
their lower-SES counterparts (Hoxby and Avery 2012; Mullen and Goyette 2019; Radford 2013),
we know relatively less about why students differ in their application behavior. In this study, we
draw upon a sociological approach to compare the rational action model with the status
attainment model of educational stratification. Utilizing data from the High School Longitudinal
Study of 2009, and a series of Heckman selection models, we find that mechanisms related to the
rational action model contribute relatively more to the SES-based application gap compared to
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the status attainment model, although both are important. We also reveal a significant interaction
effect between SES and the type of educational expectations.

This study thus adds to our understanding of the processes that lead to unequal sorting by
SES during the college application phase (Holzman, Klasik, and Baker 2020). Although past
work has helped to uncover some of the factors related to the SES-based gap in college
applications (Cabrera et al. 2000a; Mullen and Goyette 2019; Roksa and Deutschlander 2018), to
our knowledge, this study provides the most comprehensive analysis to date of the underlying
mechanisms that contribute to the observed disparity. First, from the Blinder-Oaxaca
decomposition analysis, we find that 85% of the gap in college applications between those in the
top and bottom SES quintiles is due to the endowments effect, or differences in the predictors,
while 15% is due to differences in the coefficients, or the portion left unexplained. Thus, we can
explain most of the SES-based gap in college application selectivity through the factors modeled
in this study. Second, we estimate that 60% of the endowments effect is due to rational action
mechanisms, while 35% is due to status attainment mechanisms. Consequently, although prior
work has tended to focus on either the rational action mechanisms or the status attainment
mechanisms, we show that both are important for fully understanding the SES-based gap in
college applications.

In terms of the rational action model, this analysis confirms the importance of
performance differentials in shaping unequal applications by SES (Holzman, Klasik, and Baker
2020). The Blinder-Oaxaca decomposition analysis shown in Figure 1.2 indicates that 43% of
the SES-based selectivity gap in college applications is due to performance differentials, with
29% just from standardized tests. In contrast to prior work that has focused exclusively on high-

performing students (Hoxby and Avery 2012; Lor 2023; Radford 2013), our study indicates that
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choice differentials do not contribute much to the gap in college applications. Specifically, we
estimate that only about 8% of the application gap between top and bottom SES quintiles is due
directly from differences in access to information and college considerations. Overall, then, it
seems that in the case of SES-based disparities in college applications, secondary effects play a
relatively minor role compared to primary effects (Jackson 2013). We suspect, however, that
some of the secondary effects may operate indirectly through its association with educational
expectations.

In terms of the status attainment model, this study highlights the importance of
educational expectations. Whereas prior work has tended to focus on level of expectations
(Mullen and Goyette 2019), we show that type of expectations seems to matter more. Namely,
results shown in Figure 1.2 indicate that only 4% of the SES-based gap in college applications is
due to the level of expectations, while 13% is due to the type of expectations. It is important to
note, however, that this analysis focuses on college application selectivity rather than application
to college. Since our modeling approach conditions on application to any college, it is likely that
the level of expectations (i.e., how far) matters more for predicting whether or not a student
applied at all (see selection equation section in Appendix B). In turn, as shown in Table 1.3, we
see that SES moderates the relationship between type of expectations and the selectivity of
college applications. Figure 1.3 highlights that the payoff to higher expectations in terms of
selective applications disproportionately accrues to higher-SES students.

This finding thus provides insight on an additional source of advantage for high-SES
students during the college application process. For example, average-performing, low-SES
students with the highest expectations have a 31% predicted probability of applying to selective

colleges, while average-performing, high-SES students with the same expectations have a 46%
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predicted probability—holding all other factors at their mean values.® This provides evidence
that high-SES students are more likely to enact their plans and apply to selective schools
regardless of their measured performance. Consequently, these results indicate that equalizing
access to information or college considerations will not necessarily lead to equal application
behavior among students from differing class backgrounds. Even among students who expect to
attend the same type of selective college—and thus must already know about these schools and
plan to attend—still exhibit differential application behavior by socioeconomic background.
Future research is needed to better understand when and why this disconnect occurs at the
application stage. It may be that some low-SES students do campus visits in the summer after
their junior year where they have a negative experience that deters them from applying to
selective colleges (Radford 2013).

From a policy standpoint, our results have implications for those aiming to increase the
share of low-SES students in the pool of applicants at selective colleges. Specifically, our results
reinforce the need to address the SES-based performance gap in high school to bring about
greater equity during the transition to college. While past work has tended to focus on the
admissions side of the equation, we draw attention to the application side as well. Our analysis
shows that students sort into different pools of applicants based on their grades and test scores. In
other words, we observe that students largely align their college applications with their own
performance metrics.” This may arise due to student awareness of the relevant components and
academic thresholds specified by a given institution in the admissions process. For example,

students may decide where to apply in part based on how competitive they feel they would be for

8 High SES was estimated at a score of 1 whereas low SES corresponds to a score of -1. Similar gaps are evident
using alternative thresholds such as a 2.5 GPA (29% vs 44%) or 3.5 GPA (34% vs 49%).

" Interestingly, supplementary analysis looking at differential returns to academic performance shows a marginally
significant interaction between SES and GPA on college application selectivity (see S1.6).
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admission to a given college. However, because many institutions claim to base admissions
decisions on a host of academic as well as non-academic factors, there is likely a larger pool of
missed talent among low-SES students than previously discussed (Hoxby and Avery 2012). For
instance, recent work has shown that, regardless of academic qualifications, applying to “reach”
schools increases the likelihood of enrolling at a more selective institution (Mullen and Goyette
2019).

This study has some important limitations. First, because our data was collected prior to
the pandemic, it is not entirely clear how the underlying relationships may have shifted since
then. For example, we know that since the pandemic, many colleges and universities have
switched to test-optional or test-blind admissions. With these changes schools likely place
greater emphasis on grades, and as a result, students may align their applications with their
grades instead of test scores. If this were the case, it is unlikely that we would see much
difference from the patterns observed here since grades and test scores are moderately correlated.
Second, we need a better understanding of why low-SES students even with high expectations do
not apply to selective colleges at equal rates to their high-SES counterparts. Our work offers
more support for research on the application process itself, and how to decrease (or eliminate)
the barriers that students face as they apply to college (Odle and Magouirk 2023).2 Finally, while
our data and analysis has allowed us to undertake a broad examination of the factors that drive
differential applications to selective colleges, we acknowledge that our decomposition approach
models predictors at one point in time. Future data collection and research would benefit from
greater attention to the dynamic interplay of the underlying factors as they emerge over time—in

other words, investigating the longitudinal process behind these patterns.

8 Low-SES students with selective expectations may represent an ideal group for targeted interventions related to
direct admissions in higher education (Odle and Delaney 2023).
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CHAPTER 1
SUPPLEMENTARY MATERIALS
Supplementary Tables and Figures

S1.1. Heckman Regression Model of College Application Selectivity using
Barron's Competitiveness Index (N=15,130)

Variable Model1 Model 2 Model 3 Model 4 Model 5
SES 1.620%** 0.717*** 0.188*** (.311*** (.111***
(.275) (.037) (.019) (.020) (.017)
Constant 1.90 3.02 -2.49 -0.46 -2.47
Inverse Mills Ratio (lambda) 5.58**  1.14***  (0,99***  (0.45**  (0.45***
Controls X X X X
Performance differentials X X
Choice differentials X X
Educational expectations X X
Number of applications X X

Tp<.10; *p<.05; **p<.01;***p<.001

NOTES: Standard errors in parentheses.

Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

Barron's Profiles of American Colleges 2011
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S1.2. Results of the Blinder-Oaxaca
Decomposition Analysis of the Gap in College
Application Selectivity between Students in the

Top and Bottom SES Deciles

Component

Outcome differential
Low SES (prediction)
High SES (prediction)

Difference

Endowments effect
Controls
GPA
AP coursework
Standardized tests
Information
Considerations
Expectations: level
Expectations: type
Number of applications
Total

Coefficients effect
Controls
GPA
AP coursework
Standardized tests
Information
Considerations
Expectations: level
Expectations: type
Number of applications
Constant

Total

Interaction
Controls
GPA
AP coursework
Standardized tests
Information
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Coef.

19.978
47.455
-27.477

-1.778
-2.855
-0.778
-8.985
-1.056
-1.324
-1.550
-3.867
-3.903
-26.095

0.485
1.422
2.472
-14.647
2.769
3.588
-2.774
-5.480
11.054
-1.237
-2.347

-0.371
-0.283
-1.300
3.679

-0.228

Std.
Err.

(2.48)
(.682)
(2.58)

(1.12)
(.673)
(354)
(.973)
(.369)
(412)
(.727)
(.409)
(.345)
(1.73)

(3.14)
(6.30)
(1.22)
(7.03)
(3.03)
(2.58)
(7.07)
(1.90)
(1.73)
(13.62)
(2.24)

(1.89)
(1.25)
(.646)
(1.77)
(.630)

Sig.

seskesk
sesksk

skskok

skskok

skskok
sk

kk

skeskesk
skeskeosk

skskok

k3
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Considerations 2.275 (.701)  **

Expectations: level 0.449 (1.14)

Expectations: type 1.593 (.571)  **

Number of applications -4.849 (.801)  ***
Total 0.966 (2.97)

Tp<.10; *p<.05; **p<.01;***p<.001

NOTE: Controls include: race/ethnicity, gender, school
control, school type, school urbanicity, geographic
region, high school size, and percent free/reduced price
lunch. Information includes: attended program at or
taken tour of college campus, searched for college
options, talked w/ high school counselor, talked w/
college admission's counselor, took preparatory course
for college admission exam. Considerations include:
being close to home, cost of attendance, academic
quality/reputation, family/friend recommendations,
family legacy, degree program, graduate school
placement, job placement, play school sports, campus
social life/school spirit.

SOURCES: U.S. Department of Education, National
Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for
Education Statistics, Integrated Postsecondary Education
Data System (IPEDS), 2011-2012.
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S1.3. Results of the Blinder-Oaxaca
Decomposition Analysis of the Gap in College
Application Selectivity between Students in
the Top and Bottom SES Quartiles

Component Coef. Std. Sig.
Err.
Outcome differential
Low SES (prediction)  21.636  (1.87) ***
High SES (prediction)  42.318  (.483) ***
Difference -20.682  (1.93) **x*

Endowments effect

Controls -0.907  (.533) f
GPA -2.249  (.358) kx*
AP coursework -0.618  (.172) ***
Standardized tests -6.413 (.472) *x*
Information -0.629  (.170) ***
Considerations -0.736 (.192) ***
Expectations: level -0.794  (309) *
Expectations: type -2.811 (.219) ***
Number of applications -3.018  (.201) ***
Total -18.176  (.896) ***

Coefficients effect

Controls -1.729  (2.13)
GPA 2.682 (4.10)
AP coursework 1.588 (.757) *
Standardized tests -13.077 (4.08) **
Information 1.606 (1.83)
Considerations 2.547 (1.57)
Expectations: level 3.874 (4.78)
Expectations: type -3.519 (1.12) **
Number of applications 4.644 (.842) xx*
Constant -1.873 (9.90)
Total -3.257  (1.21) **
Interaction
Controls -0.118 (.818)
GPA -0.416  (.636)
AP coursework -0.702  (337) *
Standardized tests 2.517 (.787) **
Information -0.143 (.278)
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Considerations 0.847 (.311) =**

Expectations: level -0.468 (.578)

Expectations: type 0.839 (.L271) **

Number of applications -1.605 (.303) ***
Total 0.751 (1.56)

Tp<.10; *p<.05; **p<.01;***p<.001

NOTE: Controls include: race/ethnicity, gender, school
control, school type, school urbanicity, geographic
region, high school size, and percent free/reduced price
lunch. Information includes: attended program at or
taken tour of college campus, searched for college
options, talked w/ high school counselor, talked w/
college admission's counselor, took preparatory course
for college admission exam. Considerations include:
being close to home, cost of attendance, academic
quality/reputation, family/friend recommendations,
family legacy, degree program, graduate school
placement, job placement, play school sports, campus
social life/school spirit.

SOURCES: U.S. Department of Education, National
Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for
Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.
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S1.4. Regression Model of College Application Selectivity using Listwise Deletion

(N=6,230)

Variable Model 1 Model 2 Model 3 Model 4  Model 5
SES 13.957***  11.657*** 3.746*** 5309*** 2.315***

(.615) (.678) (.648) (.593) (.591)
Constant 27.78 28.51 -60.13 -31.62 -63.45
Controls X X X X
Performance differentials X X
Choice differentials X X
Educational expectations X X
Number of applications X X

Tp<.10; *p<.05; **p<.01;***p<.001
NOTES: Standard errors in parentheses.
Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.
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S1.5. Regression Model of College Application Selectivity among "Don't Know™
College Plans (N=2,200)

Variable Model 1 Model 2 Model 3 Model 4 Model 5
SES 19.151*%**  14.429***  2.783*  5.307*** 1.215
(1.154) (1.278) (1.246) (1.125) (1.1412)
Constant 2541 15.23 -96.98 -52.67 -90.57
Controls X X X X
Performance differentials X X
Choice differentials X X
Educational expectations X X
Number of applications X X

Tp<.10; *p<.05; **p<.01;***p<.001
NOTES: Standard errors in parentheses.
Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for Education Statistics, Integrated Postsecondary
Education Data System (IPEDS), 2011-2012.
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S1.6. Heckman Regression Model Testing
Interaction Effect of SES and GPA on College
Application Selectivity (N=15,130)

Variable Model 7
SES -0.950
(1.152)
GPA 4.670%**
(.411)
SES X GPA .640F
(.359)
Constant -40.68
Inverse Mills Ratio (lambda) 3.52
Controls X
Performance differentials X
Choice differentials X
Educational expectations X
Number of applications X

Tp<.10; *p<.05; **p<.01;***p<.001

NOTES: Standard errors in parentheses.

Sample size rounded to the nearest 10.

SOURCES: U.S. Department of Education, National

Center for Education Statistics, High School
Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for
Education Statistics, Integrated Postsecondary Education
Data System (IPEDS), 2011-2012.
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CHAPTER 2

STEM Learning Communities Promote Friendships but Risk Academic
Segmentation

ABSTRACT

Universities are increasingly using learning communities (LCs) to promote the academic and
social integration of entering students, especially within STEM majors. Examining the causal
effect of LCs on student networks is necessary to understand the nature and scope of their
impact. This study combines a regression discontinuity design with social network analysis to
estimate the effect of a simple LC design on the size, strength, structure, and composition of
friendship networks among students within the same biological sciences freshman cohort.
Results of the quasi-experimental analysis indicate that LC participants acquired one additional
friend in the major and increased their share of friends in the LC by 54 percentage-points.
Exponential random-graph models that test mediation and alternative friendship mechanisms
provide support for the theoretical argument that the LC promoted friendship development by
structuring opportunities for interaction through block-registration into courses. Thus, this study
shows that even simple LCs can shape the development of friendships through relatively low-
cost administrative means. The increased access to resources and support facilitated by the LC is
likely beneficial for participating students. However, there is a potential downside when
eligibility for participation is determined using academic metrics that separate the student
population into distinct classroom environments.

Keywords: learning community, STEM, social networks, higher education
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INTRODUCTION

STEM higher education suffers from issues of attrition and academic disparities that
threaten to undermine the adequate supply of skilled workers to keep up with societal demand
(Xie, Fang, and Shauman 2015). Nearly half of bachelor’s degree-seeking students leave STEM
fields (Chen 2013), and those who persist and perform best disproportionately come from
advantaged backgrounds (Huang, Taddese, and Walter 2000; Hurtado, Eagan, and Chang 2010).
Finding ways to help all students thrive in STEM environments is a major goal of the science
community (NSF 2014; James and Singer 2016).

One proposed avenue to promote student persistence and academic success is through
Learning Communities (LCs) (Andrade 2007; Dagley et al. 2016; Maton et al. 2012; Smith et al.
2004). In 2019, an estimated 13% of first-year students and 22% of seniors reported having
participated in some form of LC (NSSE 2015). In general, institutions construct LCs by grouping
students through some combination of shared courses, a residential living component, active
learning strategies, and informal activity with the goal of promoting student academic and social
integration (Otto et al. 2015; Tinto 1987; Tinto 2003). Without the aid of structured interventions
such as LCs (Boda et al. 2020), students must make connections and find support to navigate the
new college and STEM environment largely on their own. Yet, while LCs have been shown to
promote performance and persistence in STEM, their direct impact on social integration in terms
of student friendships remains unclear (Andrade 2007; Dagley et al. 2016; Hotchkiss, Moore,
and Pitts 2006; Whalen and Shelley 2010; Xu et al. 2018).

Indeed, despite intuition regarding how LCs may guide the development of friendships,
there is surprisingly little evidence establishing a causal relationship. Correlational studies have

linked LC participation to positive relational outcomes, such as increased socializing (Jaffee et
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al. 2008), heightened exposure and network formation (Tinto and Goodsell 1994), and social
support (Domizi 2008). However, because universities often make LC participation voluntary,
confounds between the types of students who opt into LCs and student outcomes are inevitable,
thereby precluding causal inferences (Andrade 2007). Thus, the effect of LCs on friendship has
yet to receive the rigorous causal evaluation needed to demonstrate their promise.

In this study, we extend prior work on college LCs by exploring the causal impact of LCs
on friendship networks in a unique setting where students are assigned to participate ina LC
using a strict SAT math score cutoff. This enables us to utilize a regression discontinuity design
(RDD) that can credibly support causal inferences because assignment to treatment creates a
scenario that is “as good as randomized” for individuals proximate to the threshold (Jacob et al.
2012; Lee and Lemieux 2010). Accordingly, results from this study advance our understanding
of the link between organizational practices and relational outcomes generally, and specifically

its importance for helping students build meaningful connections with peers in STEM.

BACKGROUND

While social integration is important throughout college, it is particularly critical during
the freshman year when students transition into college (Hays and Oxley 1986; Tinto 1987).
Advocates of LCs point out that social integration can improve motivation (Freeman, Anderman,
and Jensen 2007; Zumbrunn et al. 2014) and provide access to resources and information needed
to succeed academically (Hasan and Bagde 2013; Stadtfeld et al. 2019). Although social
integration has multiple dimensions (Kraemer 1997), encompassing faculty, staff, and peer
interactions (Nora 1993; Tinto 1987), we focus on the friendship networks that first-year students

develop within their major. Friendships are crucial in college (Felten and Lambert 2020; McCabe
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2016) as they represent some of the strongest influences on students’ attitudes, values, and
behaviors (Hallinan 1981). Within the STEM context, friendships are a key factor promoting
persistence (Thomas 2000; Turetsky et al. 2020) and academic success (Dokuka, Valeeva, and
Yudkevich 2020; Stadtfeld et al. 2019).

Evidence from the K-12 context provides reason to suspect that LCs promote friendship
by acting as “foci” to structure student interaction patterns (Epstein and Karweit 1983).
According to focus theory, foci are any “social, psychological, legal, or physical entity around
which joint activities are organized” and which “actively bring people together or passively
constrain them to interact” (Feld 1981:pp.1016, pp.1018). By enhancing proximity and
promoting regular interaction opportunities, foci are a powerful force behind the development of
positive sentiments, relationships, and their change throughout the life course (Mollenhorst,
Volker, and Flap 2014; Rivera, Soderstrom, and Uzzi 2010; Thomas 2019). Within secondary
schools, research has demonstrated the importance of tracking (Kubitschek and Hallinan 1998)
and clustered sets of courses (Frank, Muller, and Mueller 2013) for understanding processes of
friendship formation among students. Likewise, some work within higher education has also
highlighted the association between shared classes (Kossinets and Watts 2009) and majors
(Wimmer and Lewis 2010) and the relationships that arise. Thus, the active manipulation of
which students attend class together—at the core of the LC model—will likely shape which
friendships emerge.

Based upon insight from focus theory, we expect the LC to concentrate friendships
among students assigned to the same courses. We also expect the community cultivated by the
LC to lead to more friendships and friendships that are stronger and more group-based than

outside the LC. However, an often-overlooked side effect of these processes is that some
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potential friendships will be inadvertently discouraged. Students placed in the same classroom
are primed for friendship while those placed in different classrooms face a structural barrier
(Hallinan and Sgrensen 1985; Kubitschek and Hallinan 1998; Leszczensky and Pink 2015).
Hence, the LC may create divisions within the student body, which can exacerbate inequality
(DiMaggio and Garip 2012; Johnson 2019). Our analysis considers multiple friendship network
outcomes—size, strength, structure, and composition (see Materials and Methods section for
details)—as a way to evaluate the intended goal of social integration, while being cognizant of
such unintended consequences (Jaffee et al. 2008).

Our results indicate that participating in the LC led to an additional friend in the major,
although this effect was only marginally significant. In addition, LC participation led to a 54
percentage-point increase in students’ share of friends in the LC. We did not find evidence that
participating in the LC altered the strength or structure of students’ friendship networks. Follow-
up mediation analyses substantiate the theoretical expectation that increased opportunity for
interaction brought about through the LC’s block-registration into classes is the main mechanism

responsible for the observed differences in friendship network outcomes.

METHODS

Data and Setting

Data come from two sequential cohorts of first-time entering biological sciences
freshmen at a large, selective, public R1 university in the Western United States. The case under
study represents a diverse environment in terms of race/ethnicity, socioeconomic background,
and gender. Namely, the major cohort across years is predominantly female, with around half of

students considered first-generation, and about 30-40% classified as underrepresented minorities
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(URM) in terms of racial/ethnic status. During the final week of Fall term, electronic surveys
were sent to the entire freshman cohort (LC participants and non-participants) to collect data on
friendship ties within the major and various aspects of student background to serve as controls
(>93% response rate). Information on LC participation and additional student demographic data
was provided by the university. The study design and procedures were reviewed and approved

by the Institutional Review Board of the University of California, Irvine.

Learning Community Design

For each cohort, the department implemented a simple LC program by block-registering
participating students into the same introductory biology and chemistry courses (see
Supplementary Materials Section 1). Eligibility for placement into the program was determined
using a strict SAT math cutoff score because prior institutional research had identified this metric
as a strong predictor of performance and persistence in the major. Each year the freshman cohort
consisted of around 1000 students, and approximately 300 students (or one-third) below the
cutoff were assigned to participate in the LC. Along with being placed into the same biology and
chemistry courses, all participating students took an additional seminar together that met weekly
for one hour. Students were split into groups of about 30 students for these weekly meetings that
were designed to promote study skills, career advice, and help with navigating the academic
environment. This LC design is relatively easy, low-cost, and the predominant model on large

campuses, compared to more extensive LCs utilized in smaller settings (Smith et al. 2004).

Friendship Network Measures

We draw upon four basic egocentric measures of students’ friendship networks (Perry,

Pescosolido, and Borgatti 2018). Network size refers to the number of friends with whom a focal
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student is connected and is measured using total degree, where we do not differentiate who
named who as a friend (the focal student or the peer) (Wasserman and Faust 1994). Tie strength
reflects the idea that relationships vary along dimensions such as closeness, intensity, and
meaningfulness and is measured through the count of mutual ties—whereby both students
acknowledge the relationship by naming each other as friends (Hartup and Stevens 1997; Hasan
and Bagde 2013; Vaquera and Kao 2008). Network structure recognizes that students not only
have friends, but that those friends may be connected to one another. We use density as our
measure of network structure, calculated as the number of observed ties among a focal student’s
friends divided by the number of potential ties (Wasserman and Faust 1994). Finally, network
composition refers to the characteristics of people in one’s network (e.g., how homogenous one’s
friends are). We use the proportion of friends in the learning community as our measure of
network composition since, given the design of the LC, we expect opportunities and subsequent
friendships with LC participants to vary greatly depending upon whether a student belongs to the

LC.

Analytic Strategy

Using survey and administrative data from two consecutive first-year cohorts, we tested
the LC effect on friendship in two steps. First, we estimate the causal effect of LC participation
through a RDD that effectively compares friendship outcomes among students whose SAT math
scores placed them just above versus just below the LC threshold. Second, we estimated a series
of social network models that test whether the impact of LC participation on friendship was
mediated by LC organizational factors, versus alternative mechanisms that may have coincided

with the assignment of students to courses and sections (i.e., potential confounds). This second
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step replicates the findings of the RD analysis and offers insight to how the LC had its observed

effects.

Regression Discontinuity Approach

The regression discontinuity (RD) approach has been widely used in social science as a
compelling quasi-experimental design to estimate program impacts when eligibility to a
treatment is determined by whether an individual’s score exceeds a designated threshold or cut-
point (Jacob et al. 2012). This creates a situation that approximates a “local randomization” (Lee
and Lemieux 2010), where the major premise is that within a specified bandwidth around the
cutoff, individuals would not be expected to differ significantly from one another, other than
eligibility to program participation. In the case of this study, RD is warranted because the
program uses a specific cutoff score to determine each student’s eligibility to participate in the
LC; freshmen with SAT math scores below a cutoff of 600 were assigned to participate in the
LC. If we assume the underlying relationship between SAT math score and friendship network
measures follows a continuous relationship, and nothing other than the LC participation varies
discontinuously at the cutoff, then we may attribute any observed discontinuity in friendship
network outcomes at the cutoff to LC participation.

To deal with issues of noncompliance where a small proportion of students below the
cutoff were exempted from participating in the LC (see Supplementary Materials Section 3), we
use a fuzzy RD design. Specifically, we use learning community eligibility as an instrumental
variable for actual participation in the first-year program with a two-stage least squares strategy
(Imbens and Lemieux 2008). Namely, we derive estimates of the “local average treatment

effects” (Imbens and Angrist 1994) (or LATE) through a pooled local polynomial regression
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within a bandwidth of £70 points. For all models measuring the causal impact of the intervention

on the four network outcomes, we draw upon the following equations:

Enrolli = yo+ y1(Belowi) + y2(SAT Math Distance;) + y3(SAT Math Distance; - SAT

Math Distance;) + ys(Below; * SAT Math Distance;) + Xi + i (1)

Yi= 8o + d1(Enrolli) + 52(SAT Math Distancei) + 83(SAT Math Distancej« SAT

Math Distance;) + 64(Below; * SAT Math Distancei) + X; + &i (2)

Equation (1) represents the first stage of the regression, where we predict LC enrollment as a
function of eligibility for placement. Belowi is a binary variable indicating whether the student
was assigned to the LC based on SAT math score eligibility; SAT Math Distance; is the
difference between the student’s math SAT score and the cutoff threshold (i.e., 600); SAT Math
Distance; * SAT Math Distancei is a quadratic term that allows for nonlinear relationships
between the running variable and the outcome; Below; * SAT Math Distance;j is an interaction
term that allows different slopes above and below the threshold; X is a vector of individual-level
covariates as outlined above. Equation (2) represents the second stage of the regression, where
we use the predicted probability of enrollment to estimate the local average treatment effect as
indicated by the 31 coefficient. We estimate the impact of the LC on each network outcome

separately using the ivregress command in STATA version 16.1 (https://www.stata.com).

Social Network Analysis
We used an ERGM (Robins et al. 2007) to estimate the factors that promoted friendships
between students at the end of their first quarter on campus. The ERGM considers all possible

directed dyads among the sample of students, where an i — j friendship was modeled separately
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from a j — i friendship. The model estimates the probability of observing a given network
conditioned on the set of effects present in the model. We use two types of effects: nodal
covariates represent student characteristics (e.g., LC participation, gender) and dyadic covariates
represent similarity (i.e., homophily) or co-presence of students (e.g., in the LC, classes).
Specific effects are listed in Supplementary Materials Section 4. Estimated coefficients are
interpretable as the log-odds of observing a friendship in a given dyad conditional on the rest of
the network. For a given effect, exponentiating the estimated coefficient indicates how a one-unit
change affects the odds of a tie, assuming all other model effects remain constant. We estimated
a separate ERGM for each first-year student cohort using the statnet package in R version 4.1.0

(https://www.r-project.org) (Handcock et al. 2008).

RESULTS

Descriptive Evidence

Figure 2.1 presents the friendship networks and distributions of network outcomes for the
full set of first-year students (see Materials and Methods section for details). Descriptively, we
find that LC students were more socially integrated, with significantly more friends and a greater
share of friends in the LC compared to non-participants across years (panels c-d, i-j), but more
mutual ties (panels e-f) and more dense networks (panels g-h) in only one of the years (see
Supplementary Materials S2.1). Additionally, in examining the odds of having no friends (i.e.,
being an “isolate”) in the major, LC participants were 50% less likely to be an isolate, compared
to non-participants (p<.01; Supplementary Materials S2.2). The sociograms in panels a-b make
clear the network segmentation based on LC status, which is stronger in Year 2 (see

Supplementary Materials Section 1).
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a) Friendship Network, Year 1 b) Friendship Network, Year 2
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Figure 2.1. The biological sciences friendship networks and distributions of network outcomes by year.
(a) and (b) omit isolates and highlight segmentation of LC from non-LC students, which is stronger in Year 2, likely
due to programmatic changes (see Supplementary Materials Section 1). The Year 2 network is also more densely
connected, with an average outdegree of 2.93, vs 1.72 the prior year, which we attribute to differences in the survey
instrument (see Supplementary Materials Section 1). (c-j) reflect the distribution of each of our network outcomes in
each year. Node, line, and density plot colors indicate LC students (red) and non-LC students (black) in each panel.

Impact of LC on Friendship Network Outcomes

While the descriptive statistics presented above provide support for the positive

association between LC participation and friendship development, it is unclear whether observed
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differences are due to the impact of the LC or baseline differences between LC participants and
non-participants. Figure 2 visualizes the discontinuity of the four network outcomes at the SAT
cutoff, where quadratic prediction lines are fitted within a bandwidth of £70 points around the
threshold. Overall, we find visual evidence for a discontinuity in network size and network
composition at the cutoff, but no discontinuity in tie strength or network structure. These patterns
are supported by statistical estimates of the local average treatment effect (LATE) based on
pooled local polynomial regressions (see Supplementary Materials S2.3): LC participation led to
an additional friend in the major (p<.10) as well as a 54 percentage-point increase, on average, in
the share of friends in the first-year program (p<.001). No significant effects were observed for

the count of mutual ties (p>.10) or network density (p>.10).
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Figure 2.2. RD plots of friendship network outcomes at SAT math score cutoff. In (a-d), RD plots are
generated on the pooled sample across years, using the rdplot command in STATA with bin size selected using the
default esmv method (see Calonico et al. 2015 for details). While average outcomes within each bin are plotted on
the entire sample, predicted quadratic lines are only fitted to those within 70 points around the eligibility threshold.
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Fitted lines adjust for mass points in the data and control for the following: race/ethnicity, gender, first-generation
student status, low-income status, high school GPA, Fall term cumulative GPA, survey completion status, and year.

To aid interpretation of our RD results, we use the LATE estimates to calculate predicted
network outcomes for LC participants compared to non-LC participants. As shown in
Supplementary Materials S2.4, LC participants are expected to average 4.25 fellow first-year
majors as friends compared to 3.25 for their non-LC counterparts. In addition, the LC affected
whom students befriend: LC participants are predicted to have almost 70% of their friends in the
LC, whereas their similar non-LC peers are predicted to have less than 20% of their friends in the
LC program. Together, these results demonstrate that the LC had friendship network size and
segmentation effects for students around the cutoff.

Given we found a marginally significant effect of LC participation on network size, in the
next section, we specifically test the hypothesized mechanism through which the LC shaped
friendship volume: namely, heightened opportunity to interact brought about through block-
registration. Because the RD approach assumes that no other meaningful differences exist that
could explain the gap at the cutoff, the follow-up network analyses provide additional validation
by explicitly modeling alternative explanations that could plausibly lead to the differences we

observe.

Network Mediation Analysis

Having demonstrated the effect of the LC on student friendships, we turn to testing the
proposed mechanism by which the LC operated. This mediation analysis uses the full network of
students each year and an exponential random-graph model, or ERGM (Robins et al. 2007).

Parameter estimates reflect the likelihood that a friendship will be present, versus absent, in a
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given dyad based on a given effect. Marginal effects are used to test for mediation (Duxbury
2021).

ERGM findings mirror the causal analysis. LC participants had significantly more friends
overall, and significantly more friends in the LC than non-participants. As shown for the Base
model in Figure 2.3 (M1), the odds of a friendship were 1.1-1.3 times greater for LC participants
vs. non-participants (panel a) and LC participants were 8-11 times more likely than non-

participants to be friends with LC students (panel b).

a) LC Effect on Network Size b) LC Effect on Segmentation
1 1
M1. Base : — e : ——
M2. M1+Sociality | — : ——
M3. M1+Homophily : — : —
M4. M1+High school E =G E
M5. M1-M4 : e : ——
M6. M5+Foci ——— | Ep—
T T T T T T 1

Estimate Estimate

Figure 2.3. ERGM estimates testing alternative explanations and mediation of LC on network size and
segmentation. Model 1 is the base model and demonstrates the main LC effect. Models 2-4 introduce measures of
sociality, homophily, and same high school separately. Model 5 includes all alternative explanations simultaneously.
Model 6 introduces the foci variables while controlling for all alternative mechanisms. (a) and (b) provide the
coefficients from the specified ERGMs for network size and segmentation, respectively (see Supplementary
Materials Section 4 for details). Plotted distance from zero corresponds to the direct magnitude of the LC effect on
each network outcome across models. Point estimates and 95% confidence intervals correspond to Year 1 (light red)
and Year 2 (dark red) in both panels. Full model results in Supplementary Materials S2.16 and S2.17.

While we hypothesize that these effects are driven by the LC serving as a foci for
friendship activity, other possibilities exist. (1) The LC may have concentrated more sociable

groups of students who would otherwise make more friends even in the absence of the LC
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program (Stadtfeld et al. 2019). (2) The LC may have drawn students who shared greater
similarities than students outside the LC and hence would be more likely to become friends even
in the absence of the LC program. Coupled with the power of homophily in driving friendship
(McPherson, Smith-Lovin, Cook 2001), this could have created a more fertile friendship
environment within the LC. (3) LC participants may have been more likely than non-participants
to know one another before entering the LC program.

Models 2-5 test for these possibilities and show that they largely affected friendship in
the expected manner (see Supplementary Materials Section 4). In at least one of the years, first-
generation, low-income, and commuter students named fewer friends, while higher GPA and
female students named more friends, net of LC participation. Students were also likely to
befriend peers who were similar in race/ethnicity, first-generation status, high-school GPA, and
gender, as well as retain friends from high school. However, none of these alternative
explanations accounted for the observed effect of LC participation on friendship (AME results
described in Supplementary Materials Section 4 support this inference).

Model 6 introduces effects to account for the assignment of LC students to specific
classes and sections. These are powerful forces driving friend selection: students were
approximately 1.5-4 times more likely to befriend a classmate, and LC students were 8.5-12
times more likely to befriend someone in their same section (see Supplementary Materials
Section 4). As shown in Figure 3, with the introduction of foci effects in M6, the positive
estimates of LC participation on network size (panel a) and segmentation (panel b) disappeared.
The marginal effect estimates support this inference and indicate that foci mediated all of the

effect of the LC on both network size and segmentation, revealing a suppression effect.
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Combined, these findings support our theoretical argument that the LC served as a foci that

provided opportunities and support for friendship development.

DISCUSSION

In this study, we combined a quasi-experimental approach with social network analysis to
understand how learning communities shape friendships within a STEM major. Based on the
regression discontinuity design, our analysis offers evidence that the LC led to an additional
friend in the major, although the effect was only marginally significant. In addition, we found
that LC participation significantly and substantially increased the segmentation of student
friendship networks. By contrast, students developed equally close and group-based friendships
regardless of LC participation. The latter may be a product of the first-year environment, where
it is paramount for students to rebuild their networks and develop sources of companionship and
support. Such a drive may be so fundamental (Kadushin 2012) that it can be met regardless of
the added interaction opportunities provided by the LC.

These findings have important policy implications for efforts to facilitate connections
among college students (Felten and Lambert 2020; McCabe 2016), specifically within STEM
majors (Stadtfeld et al. 2019; Turetsky et al. 2020). Network science demonstrates how the
interplay of friend selection (Flashman 2012) and influence processes (Carrell, Sacerdote, and
West 2013; Dokuka, Valeeva, and Yudkevich 2020) contribute to academic performance
differentials in schools (Stadtfeld et al. 2019), potentially exacerbating gaps among students who
enter college at varying achievement levels (Wimmer and Lewis 2010). College administrators
should be attentive to these dynamics when designing curricular interventions (Cox 2017,
Valente 2012). Namely, the size and segmentation effects found here could have both intended

and unintended academic consequences (Jaffee et al. 2008).
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On one hand, students are likely to benefit from the additional friend in the major (Hasan
and Bagde 2013) that the simple LC helped to promote. Friends provide important help and
support with the adjustment during the transition to college (McCabe 2016; Tinto 1987; Tinto
2003). Particularly in competitive STEM majors, friends can be valuable sources of social capital
by improving access to academic resources (Dokuka, Valeeva, and Yudkevich 2020; Hasan and
Bagde 2013) and fostering a heightened sense of belonging (Nunn 2021). As a result, LCs offer
to improve persistence and success in STEM through their impact on the social integration of
entering students (Dagley et al. 2016; Stadtfeld et al. 2019; Turetsky et al. 2020).

On the other hand, by using SAT math score as the eligibility criterion, the LC promoted
some friendships at the expense of others. Namely, through block-scheduling of coursework, the
LC effectively sorted friendships by prior performance, making relationships between higher-
and lower-performing students less likely (Hallinan and Sgrensen 1985; Kubitschek and Hallinan
1998). Thus, findings from this study have significance for discussions around curricular
interventions that actively sort individuals into peer groups, such as remedial education, “ability”
grouping, or tracking, by revealing how such interventions may affect patterns of relational ties.
Because friendships represent a unique influence on the lives of students (Hallinan 1981; Hasan
and Bagde 2013; McCabe 2016)—distinct from roommates (Garlick 2018) and larger classroom
or peer groups (Carrell, Fullerton, and West 2009; Lomi et al. 2011; Poldin, Valeeva, and
Yudkevich 2016)—the structuring of friendships could magnify STEM academic disparities
(Raabe, Boda, and Stadtfeld 2019) by inhibiting diverse networks inside and outside the
classroom (Burt 2004; Oakes 2005; Park et al. 2021).

Our analysis is not without limitations. Although our quasi-experimental approach

represents a more rigorous investigation relative to past work, the estimated effect is local and
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only applicable to individuals around the threshold. Future work may wish to extend our analysis
by conducting randomized controlled trials that would enable us to estimate the average
treatment effects of the LC. In a similar vein, our in-depth analysis relies upon data from one
STEM major and at one location. Future research would benefit from focusing on a broader set
of majors and across institutional types. Finally, whereas we utilized mutuality as one measure of
tie strength, we acknowledge that there may be other ways to capture this construct that future
work could explore (Marsden and Campbell 1984; Mattie et al. 2018).

Notwithstanding these limitations, the present study makes important theoretical and
empirical contributions regarding the role of foci in structuring networks. First, our results reveal
that by constructing foci, network interventions may have both intended and unintended
consequences for group outcomes (Sgrensen 1970; Valente 2012). Thus, for higher education
administrators, manipulating coursework is a powerful form of network engineering that requires
attentiveness to potential social as well as academic consequences. Second, we show that even
foci with relatively low levels of constraint on interpersonal interaction can shape social
relationships in significant ways (Feld 1981). While the current LC design did not impact
mutuality or friendship density, future interventions may be able to impact these outcomes by
focusing interactions more intensely. Such efforts could include placing students into study
partnerships or groups that are even smaller than the classrooms and ~30-person study sections
in the observed LC. Such actions could be especially fruitful for fostering network connections
and supporting social integration for students from diverse backgrounds and other groups

historically at greater risk of STEM attrition.
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CHAPTER 2
SUPPLEMENTARY MATERIALS
Section 1: Description of LC Program, Data Collection, Sample Characteristics, and Missing

Data

Learning Community Design

Figure S2.5 provides an overview of the learning community program, including eligibility

requirements and the following types of program support:

(1) Academic remediation: LC students are required to take an additional developmental
chemistry course online the summer prior to college matriculation. This course is designed to
prepare potential biological sciences majors for college-level courses in chemistry and

biology.

(2) Academic and social support: Students are placed into cohorts where they are matched
with a senior biological sciences mentor. Mentors are upperclassman biological sciences
majors selected by the department; they have a tutoring background and have excelled in
introductory biological sciences courses. The mentors provide increased academic support
and serve as students’ main guide to campus resources and opportunities. Additionally, LC
students participate in a weekly 50-minute seminar led by a LC mentor. Seminar topics are
generally academic in nature and focus particularly on study skills, metacognition, and
research experience. Also discussed are general first-year issues, such as how best to
communicate with professors and TAs and how to manage fast-paced coursework in a

quarter system.
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We note that patterns of co-enrollment differed across years. In Year 1, non-LC students were
allowed to co-enroll in the same introductory biology section with LC students, while in Year 2
they were not. Likewise, in Year 1, non-LC students could co-enroll in the same freshman
seminar sections along with the LC students, whereas in Year 2, they could not. These
differences across years likely help to explain the stronger size and segmentation effects of the

LC in Year 2 as seen in Figures 2.1 and 2.3.

Survey Instruments and Data Collection Design

Electronic surveys were sent to the entire freshman cohort during the final week of Fall
term to collect data on friendship ties within the major, for both intervention participants and
non-participants, and various aspects of student background to serve as controls. Information on
LC participation, as well as additional student demographic data was provided by the university.
These surveys took roughly 20 minutes to complete and were administered to all first-year
students enrolled as biological sciences majors. Student completion of the fall surveys was tied
to course credit, helping generate a response rate of over 93% (see S2.6).

There were some differences in survey design across the two years. In Year 1, the
campus learning management system’s survey feature was used to administer the survey. This
relatively unsophisticated survey tool required all questions to appear on the same page, and was
unable to make use of display logic, text piping, or skip logic. As such, the question used to
generate each friend’s name was immediately followed by questions about that friend (i.e., name
interpreter question). That is, students were asked to list their first friend, and then immediately
answer one to three follow-up questions about that friend, before moving on to list the next
friend, answer follow-up questions about the second friend, and so on. In Year 2, however,

Qualtrics was used to administer the survey. With the benefit of display logic and text piping,
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this survey asked students to first list up to 10 friends, before then moving to subsequent pages in
which follow-up questions were asked about those friends.

In addition, the wording and nomination limit varied slightly across cohorts. In Year 1,
we stated, “These questions ask you about friends who are also Bio Sci majors. We define a
friend as someone who you enjoy spending time with.” In Year 2, we simply stated “Please list
people in the Bio Sci major that you consider your friends.” And, we limited the number of
friendship nominations to eight in the first year but set the limit at ten for the second year.
Supplementary analyses show less than 1% of students named the max number in Year 1, and
around 1% named the max in Year 2.

These methodological differences are likely responsible for the observed difference in
average number of friends across the two years as evident in Figures 2.1 and S2.6. In particular,
the order of the Year 1 friendship questions could have had a “training effect” whereby
respondents realized that naming a friend led to several follow-up questions. This can increase
the burden of data collection and inhibit the elicitation of additional names [1-2] The design of
the Year 2 survey captured friendship nominations (and hence network size) prior to students
being asked follow-up, name interpreter questions. Hence, there is no possibility for training
within the survey. As a methodological artifact, the difference in number of friends across years
means that we cannot compare the two years but does not affect our tests of differences between
LC and non-LC students within a given year because the methods were consistent across students
within the year. To adjust for these differences, we use year fixed effects in the RD analysis and

estimate ERGMs separately for each year.

Summary of Cohorts
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Figure S2.6 provides a description of the biological sciences freshman cohorts, over the
two years of this study in terms of its composition, academics, and networks. These cohorts
represent all first-time (i.e., non-transfer), biological sciences freshman students, drawn from
administrative records of those who have declared the relevant major and are thus on the
departmental roster. Descriptive statistics highlight that across cohorts LC students are
disproportionately URM, first-generation college, low income, and female, compared to their
non-LC counterparts. Academically, we see that in Year 2, LC students entered with slightly
lower SAT math scores compared to Year 1 LC students and ended the fall term with a lower
average cumulative GPA. Finally, with respect to networks, we see that mean outdegree

increased across cohorts which, as discussed, we attribute to methodological changes.

Sample and Missing Data

Our sample comes from the roster of students identified as a Biological Sciences major
each year. Given our high response rate and ability to draw on administrative records, there was
a minimal amount of missing data; most covariates were missing less than three percent. For the
RD analyses, we utilized listwise deletion to create our analytic sample, resulting in a final
pooled sample size of N=1,854. For the ERGMSs, we retained all students (Year 1 N=879; Year 2
N=1,083) and used mean imputation for missing covariate data since the ability to keep all cases
is critical in network analysis to avoid losing important structural features. Outgoing friendship
nominations of non-respondents were specified as missing, which allows them to be imputed

during model fitting, but treats them as non-informative to parameter estimates.

Section 2: Description of RD Measures

Dependent Variables
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There are many potential ways to conceptualize friendship ties, but we draw upon
measures of the size, strength, structure, and composition of friendship networks since these
dimensions index important aspects of resources and support [3]. To construct these outcomes,
each respondent’s friend nominations were matched to data from other respondents and
administrative data provided by the university. All measures are constructed at the individual
level from complete network (or sociocentric) data gathered at the major cohort level [4-5].
Additionally, our measures are limited to friends who are directly connected to a focal student
(i.e., local neighborhood with distance of one).

Network size refers to the number of friends with whom a focal student is connected. In
this analysis, we measure the number of ties in terms of total degree, where we take the total
number of peers a focal student is connected to, without differentiating who named who as a
friend (the focal student or the peer). Figure S2.7 presents a visualization of variation in network
size, where three different networks are displayed; the upper left student is an isolate having no
friends, the upper right focal student has eight friends, and the lower left focal student has three
friends.

Tie strength reflects the idea that relationships vary along dimensions such as closeness,
intensity, and meaningfulness. One indicator of strength in a dyad is whether it is significant
enough that both members acknowledge the relationship by naming each other as friends. Such
relationships are defined as mutual (or reciprocal). To capture how student networks vary in
terms of overall strength, we calculate the count of all a students’ ties that are reciprocated.
Alternative analyses utilizing 1) the count of nonreciprocal ties, 2) the proportion of reciprocal
ties, or 3) the count of persistent (or stable) ties from week 2 to week 10 as the outcome, produce

substantively similar results. Figure S8 provides a sociogram of two different friendship

61



networks, where the focal student on the left has four mutual ties (i.e., four edges with arrows
going in both directions), whereas the focal student on the right has four non-mutual ties (i.e.,
two incoming arrows and two outgoing arrows).

Network structure encapsulates a more holistic view of friendships by recognizing that
students not only have friends, but that those friends may be connected to one another. When
one’s friends are themselves friends, then a group exists. Such social closure allows for the
development of group norms, enhanced social influence, and greater exchange of resources. We
use density as our measure of network structure, calculated as the number of observed ties
among a respondent’s named friends divided by the number of potential ties. In Figure S2.9, we
present three different friendship network structures, where each focal student has the same
number of friends, but they differ in the number of ties present among their friends.

Finally, network composition refers to the makeup of one’s network. Although many
characteristics could be considered, given the design of the LC, we expect friendships with LC
participants to vary greatly depending upon whether a student belongs to the LC. Thus, we
examine the proportion of friends in the learning community. Figure S2.10 provides a
visualization of variation in network composition. If we imagine that the colors corresponded
with LC participation, then the upper left network would indicate that all friends of the focal
student are either LC participants or non-participants, whereas the other two networks have

varying degrees of heterogeneity in terms of LC participation.

Control Variables

We account for differences in observed background characteristics by including
covariates gathered from administrative and survey data to improve the precision of our

estimates. Specifically, we include measures of gender (reference=female), first-generation
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student status (yes=1), low-income status (yes=1), Fall term cumulative GPA, high school GPA,
SAT reading score, and SAT writing score provided through administrative sources. We also
include a measure of race/ethnicity (reference=White) that was provided by individual students
through administrative sources in Year 1 and primarily through survey data collection in Year 2,
with imputation from administrative sources when survey information was missing. For this
reason, four categories were used for the Year 1 cohort (i.e., White, Black/African American,
Hispanic/Latinx, Asian/Asian American), whereas an additional “other” category was included
for the Year 2 cohort that corresponded to students who identified as multiple racial/ethnic
categories, or who checked the “other” category in the survey. Finally, we include a variable
indicating survey completion status (completed=1), since network measures can be sensitive to

missing data.

Section 3: Checking Conditions of RD

As a crucial first step to ensure an accurate estimate of the impact of the program through
an RD framework, we must evaluate the main conditions of the model. As directed by Jacob et
al. [6], we use a variety of graphical plots to explore the relationship between the rating variable
and other measures of interest. Specifically, through these graphical plots and significance tests
where applicable, we aim to 1) examine whether the RD design should be considered “sharp” or
“fuzzy”, 2) assess the internal validity of the RD design by examining potential manipulation of
the running variable or differences in baseline characteristics at the cutoff, and 3) visualize the
discontinuity of the outcome variables at the cutoff to help explore potential functional form
issues.

First, we used the rdbwselect function in STATA to estimate the optimal bandwidth on

the pooled sample [7]. Although the optimal bandwidth varied across outcomes, we chose a
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bandwidth of 70 points, since this closely matched similar previous studies [8]. Supplementary
analyses using half and double the bandwidth size produced substantively similar results. As can
be seen in Figures S2.11 and S2.12, we find evidence of a discontinuity in the probability of
receiving the treatment at the cutoff. However, this discontinuity is not perfect since there is
evidence of noncompliance, indicating that we should pursue a fuzzy RD design [9]. Next, we
plot the density of the running variable using STATA’s user-written rddensity command [10].
Significance tests of a discontinuity at the cutoff indicate that there is a significant jump for Year
2 (p<.001) but not Year 1 (p>.10)(see Figures S2.13 and S2.14). Finally, we plot the baseline
characteristics of the students as a function of the assignment variable (see Figures S2.15 and
S2.16). In general, we do not see much evidence of a discontinuity in baseline characteristics for
Year 2, but there do seem to be some jumps for Year 1. Supplementary analyses reveal
substantively similar effects across years. All RD models control for observed background

characteristics to improve precision.

Section 4: Description of ERGMs and Estimated Effects

ERGM Overview

Whereas the RD analysis demonstrates the causal impact of the LC on friendship
networks, it does not offer insight to how the LC had its demonstrated effect. Toward that end,
the social network analysis was performed with the goal of discerning whether the impact of LC
participation on friendship was directly due to LC organizational factors (i.e., course scheduling)
versus alternative mechanisms that may have resulted from the assignment of students to
courses. The alternative mechanisms we investigate reflect different ways that the students
assigned to the LC could have reasonably been different from the students who did not

participate in the LC. The general logic of our analysis was to 1) estimate a base ERGM that
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only included the hypothesized main effect of LC participation, 2) estimate subsequent models
that introduced effects to account for alternative friend selection mechanisms, and 3) a full model
that included foci effects as well as alternative factors simultaneously. ERGMs were estimated
using the statnet package in R.

Because of scaling issues that arise with nonlinear outcomes, we converted estimated
ERGM coefficients to marginal effects to compare models. To determine if an alternative
mechanism is responsible for the observed effect of LC participation, we calculated the marginal
effect of the respective LC effect in the base model and compared it to subsequent models that
introduced potential confounds or mediators. If a confound or mediator were responsible for the
observed effect of the LC on friendship, then the marginal effect of the LC would decrease
compared to the base model. We also calculated how much of the main LC effect was explained
(or mediated) by effects introduced to the model, following the method proposed by Duxbury
[11] and implemented in the ergMargins package in R.

The ERGM itself is a multivariate network model that estimates the presence, versus
absence, of friendships (or “ties”) conditional upon effects included in the model. The set of
effects included in an ERGM capture particular configurations of ties in the network. All models
included an edges effect, to control for the overall probability of observing a tie. Additional
effects can incorporate individual, dyadic, or network properties as discussed below.

Unlike the RD analysis, the ERGM considered the entire major cohort for each year, with
students designated as either LC participants or non-participants. Given our quasi-experimental
design, with LC status exogenously assigned to students, we focus on distinguishing the total
effect of LC assignment through the assignment of students to cohorts and sections from

potential effects due to the manipulation of other population features. The alternative
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explanations we test are all based on individual and dyadic properties; hence, our specification is

also referred to as a dyad-independence model [12].

ERGM Specification of Hypothesized Effects

We estimate a sequence of ERGMs to test each of the two hypotheses supported by the
RD design. Each sequence of models begins with a base model that represents the main effect of
LC participation on friendship. First, we consider the finding that LC participants had more
friends than non-participants. The base model testing this effect uses a nodecov effect associated
with student LC participation (see ref. 13 for a fuller description of ERGM effects). This effect
calculates the sum of the LC participation covariate across the two students in each dyad. This
sum evaluates to “0 if neither student is an LC participant, “1” if one student is an LC
participant, and “2” if both are LC participants. The associated parameter estimate can be
interpreted as the difference in the log-odds of observing a tie for a one-unit increase in this sum
(e.g., for a dyad with no LC members to a dyad with one LC member). The results for the base
model are reported as M1 in Figures S2.17a and S2.17b. As a robustness test, we estimated an
alternate set of models that only considered friendships from the perspective of the student
naming a friend (i.e., using the nodeocov effect). These models produced substantively similar
findings (see Figures S2.19a and S2.19b).

The second series of models evaluates the finding that LC participants were more likely
to name friends in the LC than were non-LC participants. This finding is tested with a dyadic
effect capturing the combination of student LC participation in each dyad. The nodemix effect
creates a separate dyadic indicator for all but one combination of LC participation status. Our
specification created effects to represent friendships from one LC-participant to another LC-

participant (LC — LC), a non-participant to a non-participant (non-LC — non-LC), and an LC-
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participant to a non-participant (LC — non-LC). This left friendships where a non-participant
named an LC-participant as a friend as the reference category (non-LC — LC). Our interest is in
whether LC — LC dyads were more likely to exhibit friendships than non-LC — LC dyads (the
reference category). Hence, we treat the LC — LC dyad parameter estimate as our indicator of

segmentation. Results for this base model are reported as M1 in Figures S2.17a and S2.17b.

ERGM Specification of Alternatives

LC assignment was based on math SAT scores, which are correlated with student
background characteristics. Hence, the composition of the LC was different from the overall
composition of the major. (see Figure S2.6). One possibility is that the students assigned to the
LC were more sociable or more likely to make friends due to background characteristics, such as
race and gender [14]. Hence, we consider several factors that were associated with either LC
placement or friendship volume, including race/ethnicity, gender, first-generation student status,
low-income status, high school GPA, and commuter status. These attributes were entered into the
model using nodecov effects or, for categorical attributes (i.e., race), a nodefactor effect (which
specified a separate effect for each level of the factor, excluding one). Full model results are
shown as M2 in Figures S2.17a, S2.17b, S2.18a, and S2.18b.

Another explanation for our observed findings is that the composition of the LC
friendship pool affected the capacity for students to find friends who were similar to themselves.
Homophily is one of the most common patterns found in human social relationships [15],
including among university students [14]. Foci such as the LC have the potential to act as a filter,
bringing together a set of individuals that is more homogenous than the broader population and
promoting relationships among them [16-17]. If this were to occur, then LC students from

backgrounds that are over-represented in the LC would have an easier time finding similar peers
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to befriend than students outside the LC. We test for this possibility using 1) a set of effects that
represent similarity on background factors within each dyad — nodematch effects for
dichotomous measures and categorical measures (0O=different scores, 1=matching scores), absdiff
effects for continuous measures (reflecting the absolute difference between two students’ scores)
—and 2) a set of interactions between similarity and whether both members of a dyad were LC
participants (“1”=both LC participants, “0”=at least one student not an LC participant; created as
dyadic measures and entered as edgecov effects). With this specification, the main effects of
similarity capture the strength of homophily for dyads that did not include two LC participants,
and the interactions represent how homophily among LC participants deviated from this main
effect. Results are presented as M3 in Figures S2.17a, S2.17b, S2.18a, and S2.18b.

A third possibility is that the LC brought together students who were more likely to have
a pre-existing friendship. For instance, LC participants may have been more likely to draw from
the same high schools. For Year 2 only, we have information on which high school each student
in our sample attended. We use this data to construct a dyadic covariate representing, for each
pair of students in the sample, whether they attended the same high school (1=yes, 0=no). We
included this covariate in the model with an edgecov term. Results are presented as M4 in
Figures S2.17b and S2.18b.

It is possible that the aforementioned alternative explanations each accounted for a small
part of the LC effect observed, but not enough to fully explain it away. Hence, we estimated a
composite model that included all of the alternative explanations tested in M2-M4. We present
this as M5 in Figures S2.17a, S2.17b, S2.18a, and S2.18b.

Our final models test the hypothesis that the effect of LC participation on friendships

operated through assignment to the same classes and LC section (M6 in Figures S2.17a, S2.17b,
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S2.18a, and S2.18b). We focus on the three courses that all majors were required to take and
were subject to the block-scheduling design: “Introduction to Biology”, “Introduction to
Chemistry”, and “Freshman Seminar.” For each of these courses, we coded each student dyad
“1” if they took the class together, and “0” if they did not. Similarly, dyads were coded “1” if
both members were in the same LC section and “0” otherwise (including dyads that included LC
non-participants). We used edgecov effects to test how these four foci affected friendships. M6

introduces these four effects along with the main LC effect of interest.

Average Marginal Effect (AME) Results

To evaluate the potential confounds represented by the alternative selection mechanisms,
as well as the mediating effect of shared foci, we converted ERGM parameter estimates into
partial average marginal effects following Duxbury [11]. Partial AMEs represent the direct effect
of the LC predictor net of the other effects introduced to each model. Partial AMEs and 95%
confidence intervals for each model are presented in Figure S2.20. Figure S2.21 presents these
partial marginal effects and standard errors, along with the total AME, indirect AME of the LC
effects on friendship (via the effects introduced to the model) and standard errors. We also

calculate the percent of the total AME that is mediated by the partial AME.
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Supplementary Tables and Figures

S2.1. T-test of Means on Network Outcomes by LC Status and Year

LC
Participant

Network Outcome Year (yes=1) Mean SD P-value
Total Degree

1 1 294 2.08

1 0 250 198 0.005

2 1 521 3.12

2 0 406 2.83 <0.001
Count of Mutual Ties

1 1 1.03 1.08

1 0 097 1.06 0.47

2 1 206 161

2 0 1.73 142 0.002
Density

1 1 0.27 0.31

1 0 0.22 0.27 0.04

2 1 0.25 0.23

2 0 025 0.24 0.86
Proportion of Friends in LC

1 1 0.76 0.29

1 0 0.12 0.25 <0.001

2 1 0.82 0.23

2 0 0.08 0.18 <0.001
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S2.2. Logistic Regression of LC Participation on Odds of
Isolation within Major Cohort

M1 M2
(Full (Within
sample) bandwidth)

Learning Community Participant (yes=1)  0.45** 0.49**
(.104) (.133)

Individual-level Controls X X
Year Fixed Effects X X
N 1,854 1,031

Tp<.10; *p<.05; **p<.01;***p<.001. Standard errors in parentheses.
NOTES: Results reported as odds ratios.

Models examine isolation as measured at the end of fall term among
freshmen.

Covariates include: race/ethnicity (reference=White), gender, first-
generation student status, low-income status, Fall term cumulative GPA,
high school GPA, SAT reading, SAT writing, and survey completion
status.
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S2.3. LATE Estimates from Pooled Local Polynomial
Regression on Various Network Outcomes, LC Effect:

Bandwidth 70
Network Outcome Measure M1 M2 M3 M4
Network Size
Total degree 1.01%
(.559)
Tie Strength
Count of Reciprocal Ties 0.32
(.318)
Network Structure
Density -0.09
(.066)
Network Composition
Proportion of Friends in LC 0.54%***
(.062)
Individual-level Controls X X X X
Year Fixed Effects X X X X
N 1,031 919 772 919

Tp<.10; *p<.05; **p<.01;***p<.001. Robust standard errors in
parentheses.

NOTES: Estimates adjust for fuzzy RD design.

Covariates adjusted include: race/ethnicity (reference=White), gender,
first-generation student status, low-income status, Fall term cumulative
GPA, high school GPA, SAT math score distance from cutoff, SAT math
score distance squared, an interaction term between SAT math score
distance from cutoff and whether the student was below the eligibility
threshold, SAT reading, SAT writing, and survey completion status.

Model 1 includes all students within bandwidth; Model 2 is limited to
students with at least one tie; Model 3 is limited to students with at least
two ties; Model 4 is limited to students with at least one tie.
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= 0.25

= 0.00

Total

T
Mutual
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S2.5. Learning Community Program Description

Year | Eligibility Program Component Attrition
Additional | Peer LC LC/Non-LC
Chem Mentor | Seminar | Co-enrollment
Prep (1-hour | Practices
weekly
session)
1 <600 SAT | No Yes; Yes; Non-LC students Bio: Students must
Math holds each allowed to co-enroll | earn a D- or above
1-hour | quarter | in LC intro bio to move forward
weekly section; Non-LC in the sequence.
session students allowed to | Chem: Students
co-enroll in must earn a C- or
freshman seminar above to move
sections forward in the
sequence.
2 Same as Chem 1X | Same Same as | Non-LC students not | Same as above
above (fall)- as above allowed to co-enroll
Required! | above in LC sections

1Co-requisite with Introduction to Chemistry course so LC students remain on-sequence with the rest of the
cohort in terms of Chemistry.
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S2.6. Descriptive Overview of Biological Sciences Freshman Cohorts

Composition

Academics

Networks

Survey

Size of Cohort (N)
% URM

% First-Generation
College

% Low-Income
% Female

Mean SAT Math
Mean SAT Reading
Mean SAT Writing
Mean Fall Term GPA

Mean Outdegree
Mean Indegree

Mean Total Degree
Mean Count of Mutual
Ties

Mean Density

Mean Proportion of
Friends in LC

% Survey Completion

Year 1 Year 2

Non- Non-
LC LC Overall LC LC Overall
240 637 879 290 784 1083
67.1 18.5 31.8 75.2 27.7 40.4
77.4 40.5 50.7 75.0 43.1 51.7
51.3 22.8 30.6 60.1 31.0 38.8
80.4 63.6 68.2 84.6 63.3 68.9
516 656 617 498 658 616
539 608 589 522 609 586
514 606 581 502 607 579
2.43 3.16 2.95 1.95 3.16 2.83
1.88 1.66 1.72 3.42 2.75 2.93
1.93 1.65 1.72 3.54 2.71 2.93
2.91 2.50 2.61 5.11 3.96 4.27
1.02 0.96 0.98 1.96 1.67 1.75
0.28 0.22 0.24 0.26 0.26 0.26
0.76 0.12 0.30 0.82 0.08 0.29
92.1 94.2 93.6 94.5 95.3 95.1
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S2.7. Examples of Variation in Network Size

@ o\ /e
N

NOTE: Focal individual (ego) represented by middle node (or circle);
alters represented by outer nodes.
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S2.8. Examples of Variation in Tie Strength

O O O O
Qg g’

5, N SN
o” Yo o' o

NOTE: Focal individual (ego) represented by middle node (or circle); alters
represented by outer nodes; arrows indicate directionality of tie nomination.
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S2.9. Examples of Variation in Network Structure

NOTE: Focal individual (ego) represented by middle node (or circle); alters
represented by outer nodes.
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S2.10. Examples of Variation in Network Composition

G

™~
-

7
N

N

EGO

1N

NOTE: Focal individual (ego) represented by middle node (or circle); alters
represented by outer nodes; node color specifies group membership based on some
characteristic, category, or other differentiating criteria.
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S2.11. Probability of Treatment by Distance from SAT Math Cutoff: Year 1

—e oo O © O

Qo

| I
-200 -100 0
Distance to SAT Math cutoff, 5 pt. bin

- (mean) Learning Community Participation
(lowess) Treatment

S2.12. Probability of Treatment by Distance from SAT Math Cutoff: Year 2

— o0 o_ O _O
O

o}

I I
-200 -100 0
Distance to SAT Math cutoff, 5 pt. bin

- (mean) Learning Community Participation
(lowess) Treatment
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S2.13.

.008
1

.006
1

.004
1

.002
1

RD Manipulation Test using Local Polynomial Density Estimation: Year 1

S2.14.

[oe)
o
<

.006
|

.004
1

.002
1

T T
-200 -100 0 100 200
SAT Math Score Distance from Cutoff

RD Manipulation Test using Local Polynomial Density Estimation: Year 2

T T
-200 -100 0 100 200
SAT Math Score Distance from Cutoff
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S2.15. Distribution of Baseline Characteristics by Distance from SAT Math Cutoff: YR 1

S o e oa = S b e oe =

(=N Ry -E

Asian /Asian American Black Hispanic/Latinx
s 1 14+ o0
i s 8 8
6 6
4 4
2 2
0 - 0 :
200 100 0 _ 100 200 200 -100 0 100 _ 200 =200 -100 0 _ 100 200
Distance from SAT Math Cutoff Distance from SAT Math Cutoff Distance from SAT Math Cutoff
White First-generation College
1 1deg oo -
8 8 NG
6 6
4 4
2 2
0 0

=200 100 0 100 200
Distance from SAT Math Cutoff

Low Income

o

200 100 O 100 200
Distance from SAT Math Cutoff

-200 -100 0 100 200
Distance from SAT Math Cutoff

=200 -100 O 100 200
Distance from SAT Math Cutoff

S2.16. Distribution of Baseline Characteristics by Distance from SAT Math Cutoff: YR 2

S b ke = S ha e =

=g e

Asian/Asian American Black Hispanic/Latinx
e 1 1 =
o 8 8 i
6 6
4 4
2 2
0 0
=200 -100 0 100 200 =200 100 0 100 200 =200 100 0 100 200
Distance from SAT Math Cutoff Distance from SAT Math Cutoff Distance from SAT Math Cutoff
White Other (race/ethnicity)
1 1
8 8
6 6
4 4
2 _ 2
B E 0 J 0
-200 -100 0 100 200 -200 100 O 100 200 -200 -100 0 100 200
Distance from SAT Math Cutoff Distance from SAT Math Cutoff Distance from SAT Math Cutoff
First-generation College Low Income
s 1
8
6
4
2
0

=200 -100 0 100 200
Distance from SAT Math Cutoff

-200 100 O 100 200
Distance from SAT Math Cutoff
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CHAPTER 3

Curricular Differentiation and Informal Networks:

How Formal Grouping and Ranking Practices shape Friendships among College
Students

ABSTRACT

This study draws upon complete friendship network data on two freshman biological sciences
cohorts at a selective university in the United States to investigate how and to what extent
allocating students to curricular groups and grading their performance in class shapes 1)
processes of friend selection at the dyadic level and 2) friendship clustering at the network level.
Through a set of stochastic actor-oriented models, results show that students tend to befriend
peers from the same curricular group versus a different one (i.e., curricular group homophily) as
well as befriend higher-performing peers (i.e., performance-based status). Follow-up analyses
reveal that friendship clustering by curricular group placement is largely due to course co-
enrollment (i.e., proximity), while academic performance-based clustering is primarily the result
of students aligning their own performance to match the average performance of their friends
(i.e., influence). We discuss implications of these findings for helping to promote learning in
higher education.

Keywords: curricular differentiation, friendships, clustering, higher education, learning
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INTRODUCTION

Since the pioneering work of Coleman’s (1961) The Adolescent Society, sociologists of
education have recognized the importance of studying the friendships that develop among
students within schooling settings. Friends represent a source of peer social capital available to
students—they provide access to information and help to cultivate norms and practices related to
success in school (Coleman 1988; Hallinan 1982; Hasan and Bagde 2013; McCabe 2016).
Friends also impact and reinforce one’s identity and can support a sense of belonging in school

(Nunn 2021).

Although sociologists have a longstanding interest in the relationships that form among
students (Epstein and Karweit 1983), we know relatively less about how curricular practices
shape the friendships that emerge. Research in this area has tended to focus on primary and
secondary school (Hallinan and Sgrensen 1985; Kubitschek and Hallinan 1998), with fewer
studies at the postsecondary level. For example, recent research has once again drawn attention
to the link between secondary school tracking systems and academically-based sorting within
schools (Engzell and Raabe 2023). However, it remains unclear how and to what extent routine
curricular practices at the organizational level may shape the friendships that develop among
college students. Understanding friendship networks is important because if friends influence
one another, then peer-to-peer connections may have implications for helping to promote

learning in college (Felten and Lambert 2020).

In this study, | build upon the concept of curricular differentiation to analyze the link
between formal curricular practices and the informal networks that arise among college students.
Specifically, I refer to curricular differentiation as routine curricular practices that formally

stratify students. In this way, curricular differentiation is organizational differentiation specific to
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the curricular domain (Sgrensen 1970; Tyson and Roksa 2016). Two forms of curricular
differentiation that are especially relevant within U.S. colleges and majors include: 1) allocating
students to curricular groups (e.g., developmental, honors, etc.) and 2) grading student
performance in class (Serensen 1970). Through forms of differentiation such as these, students
are placed into closer proximity with certain peers (Feld 1981; Frank, Muller, and Mueller 2013),
as well as formally ranked relative to one another (Domina, Penner, and Penner 2017; Jeffrey

2020).

Forms of differentiation, such as those based on curricular practices, can shape friend
selection through homophily or status mechanisms. Academic homophily would occur if students
disproportionally developed friendships with peers from the same curricular group or with
similar levels of academic performance (McPherson, Smith-Lovin, and Cook 2001). This could
arise because students in the same curricular group share coursework (Feld 1981; Frank, Muller,
and Mueller 2013) or because students choose to befriend similar peers. For example, having
friends who perform similarly or engage in similar academic practices, such as study habits or in-
class participation, can offer identity reinforcement regarding one’s own performance. With
respect to academic status, if curricular group membership or academic performance represent
status markers, then there are reasons to suspect that students will have a heightened propensity
to befriend higher-ranked peers (Jasso 2001; Kubitschek and Hallinan 1998). In turn, the strength
of homophily effects relative to status effects will shape how integrated or segregated students
are across curricular groups and performance levels in the network (i.e., level of clustering along

these dimensions).

This analysis has the following three aims: 1) to examine how formal curricular practices

shape processes of friend selection among college students, 2) to estimate the relative importance
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of academically-based effects on friend selection at the dyadic level compared to other well-
known effects, and 3) to quantify how much academically-based friendship clustering is due to
forms of curricular differentiation versus alternative mechanisms. | draw upon complete
friendship network data on two freshman biological sciences cohorts at a large, selective, public
university in the Western United States. Through a set of stochastic actor-oriented models
(SAOMs), I first estimate the effects of curricular group placement and academic performance
on friend selection, and then perform two follow-up analyses to gauge the magnitude of these

effects.

As such, this study extends the existing literature in three important ways. First,
compared to previous research in this area, the current study represents a clearer investigation of
how curricular differentiation shapes friend selection with fewer concerns regarding unobserved
heterogeneity among students on dimensions such as differential expectations or motivations.
Specifically, not only does sorting into a STEM major at a selective college lead to a relatively
more academically homogenous group of students compared to the K-12 context, but here | am
also able to condition on pre-college factors that have been largely missing in prior work (i.e.,
high school GPA and SAT score). Second, past work on friend selection among college students
has generally only focused on one aspect of differentiation (i.e., either grouping or performance)
(Boda et al. 2020; Dokuka, Valeeva, and Yudkevich 2020; Smirnov and Thurner 2017; Van
Duijn et al. 2003). Consequently, this is the first study of which | am aware, to test for
homophily and status in terms of both curricular grouping and academic performance
simultaneously. This is critical in the U.S. context, since grouping practices and performance are
likely correlated with one another. Finally, | build upon prior studies (Engzell and Raabe 2023;

Flashman 2012; Kubitschek and Hallinan 1998), by not only investigating the presence of
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specific effects but also estimating their size. Namely, while uncovering the processes and
mechanisms behind friend selection among college students is important, from both a theoretical

and practical standpoint it is also critical to be able to gauge the magnitude of these effects.

BACKGROUND
Curricular Differentiation within Colleges

Colleges are organizations structured to categorize, rank, sort, and select students
(Domina, Penner, and Penner 2017; Jeffrey 2020; Mullen 2011; Stevens, Armstrong, and Arum
2008). As such, colleges enact many forms of organizational differentiation that are likely to
impact the friendships that develop among students, such as through housing restrictions and the
provision of co-curricular activities (Armstrong and Hamilton 2013; Espenshade and Radford
2009; Lee 2016; Stearns, Buchmann, and Bonneau 2009). In this study | focus on formal
practices within the curricular domain—what | refer to as curricular differentiation. Two forms
of curricular differentiation common at U.S. colleges include: 1) curricular grouping of students
into separate and tiered levels (e.g., honors, remedial, etc.) and 2) the implicit ranking of students

that occurs through grading (Serensen 1970).

First, colleges determine how to assign students to classes for instructional purposes.
Because students enter postsecondary schooling with varying levels of familiarity with college-
level work (Jack 2019), many institutions in the U.S. adopt forms of curricular grouping akin to
tracking in the K-12 context (Sgrensen 1970; Tyson and Roksa 2016). For example,
postsecondary institutions may utilize some type of remedial or developmental education to help
address gaps in understanding for those entering college “academically underprepared” (Long

and Boatman 2013). Similarly, colleges may attempt to provide broader and deeper learning
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opportunities for “academically talented” undergraduates through honors programs (Rinn and
Plucker 2019). Despite mixed findings on the educational effectiveness of these programs
(Sanabria, Penner, and Domina 2020), the intended goal of these classes and curricular groups is
nonetheless to match instructional resources to meet the differential needs of entering students
(Bettinger and Long 2008; Bowman and Culver 2018). However, by placing students in separate
classes and creating distinct tiers, curricular grouping may unintentionally lead to hierarchical
labels being assigned to students (Domina, Penner, and Penner 2016; Scott-Clayton and

Rodriguez 2015).

Second, colleges are expected to allocate grades to students based upon their academic
performance in the classroom. While this organizational task largely represents a routine, taken-
for-granted practice (Meyer and Rowan 1977; Schneider and Hutt 2014), with the expansion of
higher education in the U.S. over time, disparate college performance is becoming an important
sorting mechanism linking educational and occupational stratification more broadly (Gerber and
Cheung 2008). Indeed, within the structure of contest mobility apparent in the American
educational system (Turner 1960), unequal academic performance among undergraduates can be
viewed as a form of horizontal stratification that selects some students for competition at the next

higher level (i.e., graduate school) (Posselt and Grodsky 2017; Xie, Fang, and Shauman 2015).

Curricular Differentiation and Friend Selection

Curricular differentiation within American higher education may thus shape the

friendships that emerge through 1) academic homophily and 2) academic status.

Academic Homophily
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Homophily refers to the commonly observed tendency for people with greater similarity
on some characteristic to be connected (McPherson, Smith-Lovin, and Cook 2001). Patterns of
homophily can arise due to 1) spatial proximity (i.e., foci effects (Feld 1981)) or from 2) choices
to befriend individuals who share membership in a socially relevant category (Wimmer and
Lewis 2010). First, students in the same curricular group are more likely to share classes than are
students in different curricular groups. As a result, curricular group homophily may emerge from
course overlap, since this increases opportunities to interact and the chance of forming a
friendship (Feld 1981; Jeffrey et al. 2022; Kossinets and Watts 2009; Weber, Schwenzer, and
Hillmert 2020). Second, schooling-based forms of distinction created through curricular groups
(Domina, Penner, and Penner 2016) or differential academic performance could lead to academic
homophily by serving as a basis of trust or commonality among students (Kossinets and Watts
2009; Wimmer and Lewis 2010). For instance, students may perceive co-enrollment in honors as
a signal of shared commitment to following institutional norms of academic excellence or

pursuing high-status occupations.

Evidence at the K-12 level shows that students from the same “ability group” and
academic track are more likely to form friendships (Frank, Muller, and Mueller 2013; Hallinan
and Sgrensen 1985; Kubitschek and Hallinan 1998). Yet at the postsecondary level, findings are
mixed. While some research shows that placement into the same academic program or learning
community increases the likelihood of a friendship tie (Boda et al. 2020; Jeffrey et al. 2022; Van
Duijn et al. 2003), other studies do not find a significant effect (Brouwer et al. 2018; Brouwer et
al. 2022). Missing from prior work in higher education, however, has been an examination of the
impact of curricular practices when the groups are ranked in some way. While any form of

curricular grouping could lead to patterns of homophily, it is less clear what to expect in the
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presence of some form of tiered tracks. As | explain below, there are reasons to suspect that

students may seek out similar peers but also higher-ranked peers.

In terms of academic performance, findings at the K-12 level largely confirm that greater
performance similarity predicts friendship development (Flashman 2012; McFarland et al. 2014;
Rambaran et al. 2017). But past work outside the United States at the college level has shown
mixed results. While some evidence provides support for performance-based homophily
(Brouwer et al. 2018; Smirnov and Thurner 2017), other studies show no significant effect
(Brouwer et al. 2022; Dokuka et al. 2020). Importantly, much of the work that has failed to find
homophily on performance has instead found evidence for status-based effects, implying that in
certain settings the drive to befriend higher-performing peers may override the motivation to

seek out similar peers.

Academic Status

Sociologists have conceptualized status as “inequality based on differences in honor,
esteem, and respect” (Ridgeway 2014:2) and have argued that processes of competition and
ranking among individuals can lead to patterns of hierarchy within networks (Jasso 2001,
McFarland et al. 2014). Coleman (1961) argued that within schooling settings, competition for
grades and other forms of scholastic achievement is a way in which students pursue and gain
respect and recognition from those around them. As such, higher curricular group placement and
higher academic performance could represent status markers. If so, then students may befriend
higher-ranked peers due to the perceived rewards from affiliation (Epstein and Karweit 1983;
Hallinan 1982) or the belief that association will produce a “halo” effect increasing one’s own

status (Kubitschek and Hallinan 1998). However, it is also possible that students may not
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approach or attempt to befriend higher-ranked peers for fear of rejection or because they

anticipate that their efforts will not be reciprocated (Gould 2002; Kubitschek and Hallinan 1998).

Despite reasons to suspect status-based effects due to curricular grouping, relatively few
studies have explicitly examined how this might occur. Kubitschek and Hallinan (1998) tested
for status effects based on high school track and found some supportive evidence, although this
varied by school size. Specifically, they found that the likelihood of naming a higher-track
student as a friend was greater in smaller schools compared to larger ones, presumably due to
decreased barriers to interaction in the smallest schools. In other words, the likelihood of cross-
track interaction increased as school size decreased and thus greater knowledge of relative track
placement and the opportunity to form friendships. At the postsecondary level, a study done in
the Netherlands largely failed to find status effects due to enrollment in a short (i.e., 2-year)
versus regular (i.e., 4-year) program, though this division of students may not have entailed a

formal ranking in the same way as in the U.S. case (Van Duijn et al. 2003).

Past research looking at possible status effects due to academic performance has also
shown mixed results. Namely, work outside the United States, at both the K-12 and higher
education levels, has provided evidence that academic performance acts as a status indicator,
with higher-performing students selected more often as friends (An 2022; Brouwer et al. 2022;
Dokuka et al. 2020). In contrast, studies on U.S. K-12 schooling have largely failed to find
significant status effects based on GPA (Coleman 1961; Rambaran et al. 2017), although this
varies by methodological approach (see Flashman 2012). Despite these largely null findings in
U.S. K-12 settings, college differs from high school in fundamental ways likely to make GPA a
more salient status marker. First, sorting into higher education selects students who performed

relatively better in K-12 schooling compared to those who did not enter college. Second, as more
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students expect to attend graduate school, and undergraduate grades remain a critical component
of graduate admissions (Stevens 2009), high performance is likely salient and recognized among
students. For example, recent research shows that higher grades and levels of outspokenness
predict greater recognition among peers in undergraduate biology classrooms (Grunspan et al.

2016).

In sum, U.S. colleges employ various forms of curricular differentiation with the intended
goal to facilitate teaching and learning. As discussed, these routine practices may shape friend
selection through two primary mechanisms: homophily and status. Specifically, curricular group
placement and academic performance may not only physically separate and differentiate students
(i.e., relevant for homophily effects) but also assign students an ordinal rank (i.e., relevant for
status effects). Mixed findings in prior studies could be due to the fact that past work has
approached the topic too narrowly, such as failing to examine both grouping and performance or
not considering homophily and status jointly. The current analysis overcomes these issues, while
also analyzing a much larger sample than often used (e.g., around 30-100 students in Brouwer et
al. 2022; Dokuka et al. 2020; Van Duijn et al. 2003) which allows for more statistical power to

estimate effects.

The Current Study - A Longitudinal Network Approach

Over the past few decades, there has been substantial growth in the use of network
analysis to answer social scientific questions (Rivera, Soderstrom, and Uzzi 2010). In turn,
advances to our understanding of network properties and tools with which to analyze them, have
led to more sophisticated strategies to unpack the underlying mechanisms that give rise to the
networks we observe (Robins et al. 2007). With scholars increasingly acknowledging the

importance of connections for success in college (Felten and Lambert 2020), social network
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analysis provides a rigorous and systematic way to examine friendships in higher education from

a relational sociological standpoint (Tierney and Kolluri 2020).

To examine how curricular differentiation shapes friendships among college students in
the U.S. context, | draw upon a longitudinal network approach and estimate a set of stochastic
actor-oriented models (SAOMs). One of the main purposes of SAOMs is to estimate multiple
selection and influence mechanisms in one joint model (see Steglich, Snijders, and Pearson
2010). This is important here since, to reduce bias in estimates of selection on academic
performance, we need to account for the possibility of friend influence effects on GPA. As |
discuss next, past work has shown that patterns of homophily on academic performance can

come about through a mix of selection and influence processes.

Friend Influence

Past sociological work has highlighted the importance of accounting for influence effects
when we are estimating selection on a behavioral attribute (Steglich, Snijders, and Pearson
2010). For example, in the current setting, observed patterns of academic performance
homophily could result from students selecting peers with similar levels of academic
performance or from students influencing one another to perform similarly over time.
Additionally, whereas the theory of status effects would lead us to expect higher performance to
induce more friendship nominations, the reverse could also be true. Namely, receiving more
friendship nominations could lead to higher performance. Previous research at the K-12 level, as
well as postsecondary work outside the U.S., has produced mixed results. Specifically, when
modeling the joint effects of selection and influence on academic performance homophily, past
studies have found evidence of everything from selection but not influence (Flashman 2012;
Smirnov and Thurner 2017), influence but not selection (Dokuka et al. 2020), both selection and

102



influence (Rambaran et al. 2017), to neither selection nor influence (Brouwer et al. 2022). While
I cannot claim to reconcile these mixed findings in this paper, I do build upon and extend this
body of work in a meaningful way by controlling for pre-college factors as well as accounting
for relevant sociodemographic covariates when modeling behavioral dynamics, which have been

missing in most of the previous research.

The Case of Freshmen in Biological Sciences

In this study I analyze two freshman biological sciences cohorts at a selective college.
Studying first-time entering freshmen allows for a clearer estimate of the impact of curricular
practices on friend selection with fewer concerns regarding causal order (e.g., students may
choose certain classes because of their friends). Where sociological theories of homophily
predict that students will befriend peers from the same curricular group or similar performance
level, theories of status and friend selection predict that students will have a greater propensity to
befriend higher-ranked students. Especially in the case of freshman STEM students, the
transition to higher education coupled with the competitive culture of entry-level, “weed-out”
courses and gatekeeping practices (Seymour, Hunter, and Harper 2019) could compel students to
seek out similar peers who can provide emotional support, but it may also drive them to find

higher-performing peers who can aid with academic challenges (Smith 2015).

At the current research site and major, freshman students were allocated to one of three
curricular groups: 1) developmental, 2) regular, or 3) honors. Developmental students are those
who scored below 600 on their SAT math section. It is critical to note, however, the potentially
unique aspects of the developmental group at the current research site. Specifically,
developmental students were placed into a freshman learning community where they were block-

registered into the same sections for required introductory courses during their first year. They
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were also provided with additional resources, primarily through means of a weekly seminar that
entailed one-hour sessions designed to promote study skills, career advice, and help with
navigating the new academic environment. As such, the developmental track was designed with
the intended goal to give supplementary aid to students. Honors students were selected by faculty
in the major and invited to participate based on their high school achievements (e.g., GPA,
SAT/ACT, class rank, etc.). Students in honors were placed into the same introductory honors
biology course, received priority enrollment in their other courses, and were provided
opportunities to participate in undergraduate research. Regular students represent the largest of

the three groups and include all students not in the developmental or honors programs.

As with most college majors, students within biological sciences are required to complete
a set of major-specific courses in order to graduate. In turn, due to the sequential nature of many
of the required courses, students normally take the same set of classes during their first year.
Like tracking in the high school context (Lucas 1999), students are more likely to share course
sections with others from the same curricular group in their major-required classes. The coupling
of curricular group assignment and placement into different course sections was tighter in the
second year compared to the first. For example, in cohort 1 non-developmental students were
allowed to enroll in the developmental section if space remained, whereas this option was
eliminated in cohort 2. Finally, throughout the first year, students also tend to complete several

non-major-specific courses to fulfill general education requirements needed to graduate.

It is also important to note the temporal context of this study. While data on the first
cohort was collected prior to the start of the COVID-19 pandemic (i.e., 2018-2019 academic
year), the second cohort experienced the disruption of the virus during the study period (i.e.,

2019-2020). The most notable change from the Fall term to the Spring term was the transition to
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remote instruction. Most students during the Spring term of data collection were living at home
and taking classes online. However, even though the physical learning environment of the
students was altered drastically by the pandemic, preliminary analyses revealed that the social
networks of the students remained surprisingly resilient in the face of these challenges. As a
result, I include data collected during the pandemic, but discuss potential differences when

applicable.

DATA AND METHODS

Data

Table 3.1. Description of Biological Science Cohorts across Terms

Variable Fall Fall  Spring Spring
Term 2018 2019 2019 2020
Size (N) 859 1054 812 1010

Mean/ Mean/ Mean/ Mean/
Composition Prop. Prop. Prop. Prop.
Honors (yes=1) .07 .02 .07 .02
Regular (yes=1) .66 72 .67 73
Developmental (yes=1) 27 .26 .25 .25
White (yes=1) A1 .16 A1 .16
Black/African American (yes=1) .07 .03 .06 .03
Hispanic/Latinx (yes=1) .25 27 24 .26
Asian/Asian American (yes=1) .57 .54 .59 .55
International student (yes=1) .06 .04 .06 .05
First-generation college (yes=1) .50 51 49 .50
Low-income student (yes=1) 31 .39 .29 .38
Female (yes=1) .68 .69 .68 .68
High school GPA 4.09 4.04 4.09 4.05
SAT score 1204 1200 1210 1206
Fall term GPA 2.96 2.84 -- --
Spring term GPA -- - 3.05 3.31

Note: Proportions may not sum to 1 due to rounding.

Data come from two first-time entering biological sciences cohorts at a large, selective,

R1 public university in the Western United States. As shown in Table 1, the current research site
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represents a diverse context in terms of race/ethnicity, gender, and socioeconomic background.
Namely, most students are nonwhite, are female, and a large share are from low-income or first-
generation-college backgrounds. In addition, students come from over four hundred high schools
and around three-quarters of them live on campus. During the final weeks of Fall term and
Spring term (2018-2019; 2019-2020), electronic surveys were sent to the entire freshman cohort
to collect data on friendship ties along with additional background information. Response rates
for each wave of data collection were generally high and ranged from 88% — 96%.° An important
feature of the present study was the ability to link survey information with administrative records

(i.e., transcripts) provided by the university.

Variables
Dependent
Friendships

As part of the survey, students were asked to list the first and last names of their friends
within the biological sciences major.'° These nominations were later matched with roster data
provided by the university to create the complete (or sociocentric) friendship network for each
major cohort (Perry, Pescosolido, and Borgatti 2018). It is important to note that friendship for
purposes of this study is meaningfully directional and does not require that both students name
each other (Wasserman and Faust 1994). For example, student i may nominate student j as a
friend without student j also indicating that student i is a friend. Allowing for this directionality

to the friendship relationship is essential for estimating status effects.

% This data was collected as part of an institutional initiative that surveyed students about their experiences in the
major. Importantly, students were given assignment credit for completing the survey.

10 Due to data collection modifications across cohorts, students could name up to eight friends in Cohort 1 and up to
ten friends in Cohort 2.
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Independent
Curricular Group Placement

Curricular group placement was coded to align with the ordinal nature of the categories,
with higher numbers corresponding to a higher level. Namely, developmental was coded as (1),
regular (2), and honors (3). There was some mobility from initial placements over the course of
the first year. Specifically, around 11-12% of students changed from their initial placement from
the fall to spring terms. In this analysis, I fix the curricular group measure based upon their fall
term placement since this indicates their first assignment by the university and likely has
enduring impacts on the friendship dynamics among students. Supplementary analyses using the

spring term membership instead produced substantively similar results (see S3.1).

Academic Performance

I use the student’s term-specific GPA as recorded by the university in administrative
records to measure their academic performance. As such, this measure captures the academic
performance of each student across all their courses in a given term (i.e., either fall or spring).
Because the analyses utilize a stochastic actor-oriented modeling strategy, | recode the GPA
measures into ordinal levels as required by the SAOM approach (Ripley et al. 2024). Academic
performance is thus recoded into ten ordinal categories that correspond to roughly equal
intervals!! as follows: (1) 0-1.50; (2) 1.50-2.00; (3) 2.00-2.25; (4) 2.25-2.50; (5) 2.50-2.75; (6)

2.75-3.00; (7) 3.00-3.25; (8) 3.25-3.50; (9) 3.50-3.75; (10) 3.75-4.00.

Individual-level Covariates

1 Due to sparseness at the bottom of the distribution, | draw upon larger intervals below 2.0.
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Administrative data provided measures of gender (female=1; male=0), first-generation
student status (yes=1; no=0), low-income status (yes=1; no=0), international student status
(yes=1; no=0), high school GPA, and SAT score. Race/ethnicity is measured using a set of
dummy variables (reference=White). Students’ racial/ethnic background was provided through
administrative sources which allowed for students to be classified into one of four racial/ethnic
categories (i.e., White, Black/African American, Hispanic/Latinx, Asian/Asian American).
Finally, I include a measure of same-major ties, which indicates the students’ self-reported share

of friendships that are within the major.?

Dyadic Covariates

| incorporate information on where the students attended high school as well as their
housing situation during their first year in college. As a dyadic measure, these variables capture
the likelihood of a tie for those who attended the same high school or who share the same living

situation (i.e., same on-campus dorm or live off-campus).

Analytic Approach
Stochastic Actor-Oriented Model (SAOM)

| draw upon a set of stochastic actor-oriented models (SAOMs) to account for the co-
evolution of friendship ties and academic performance simultaneously. SAOMs accomplish this
by modeling network and behavior changes as Markov processes where the network state at time
t depends only on the network state at time t-1. Importantly, while the data is collected at discrete

time points, the SAOM models the unobserved dynamic feedback interdependencies between

12 For Cohort 1, this variable was measured categorically as follows: 1=0-20%; 2=21-40%; 3=41-60%; 4=61-80%;
5=81-100%. For Cohort 2, this variable was measured using a 7-point slider scale with the following indicators:
=“none”’; 4="half”’; and 7="all”.
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selection and influence processes taking place continuously between observations. Namely,
SAOM estimation is done through an agent-based simulation algorithm where the model
conditions on the first observation and randomly select actors to do one of the following: 1)
change atie (i.e., add or drop one outgoing tie), 2) change behavior (i.e., increase or decrease by
one unit), or 3) make no change; these potential changes are known as “micro steps” (Steglich,
Snijders, and Pearson 2010: 348). Both the frequency of opportunities to make changes, as well
as the probability of taking these micro steps, are estimated using subcomponents of the model
known as the rate functions and objective functions, respectively. The rate functions thus
determine the wait time until an actor gets the opportunity to make a network (i.e., network rate
function) or behavior (i.e., behavior rate function) change, while the objective functions
determine the changes an actor makes to either the network (i.e., network objective function) or

behavior (i.e., behavior objective function) (Steglich, Snijders, and Pearson 2010).

Measuring Homophily Effects

| analyze homophily effects due to curricular group membership through a sameX
curricular group term, where the sameX effect indicates if two students have the same attribute
value (i.e., 1=yes; 0=no). & This similarity or difference between students is then used to predict
whether a friendship exists in the dyad. A significant and positive coefficient would be evidence

of homophily based on common curricular group membership.

Because academic performance is an ordinal measure with ten levels, | examine
performance-based homophily effects through a simX academic performance term. In RSiena,

similarity is measured by taking the difference between ego and alters’ academic performance

13 Words in italics refer to the effect names as used in the RSiena package in R.
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and standardizing it by the range of possible values. As such, the similarity measure equals 1 if
two students have the same value and 0 if they are maximally dissimilar (i.e., one has the highest
value and the other the lowest possible value) (Ripley et al. 2024). A significant and positive
coefficient on the simX academic performance term would be evidence of performance-based

homophily (i.e., similar students are more likely to be friends).

As discussed, patterns of curricular group homophily may arise in part due to shared
coursework. To assess this possibility, I include a dyadic measure of course co-enrollment (i.e.,
specified through a coDyadCovar effect in RSiena) that estimates how each additional class
shared between student i and student j in the spring term contributes to the likelihood of a

friendship, conditional on the rest of the network.

Measuring Status Effects

From a network perspective, sociometric popularity is a common way to examine the
effect of status among individuals (Brouwer et al. 2022; Martin and Murphy 2020; Snijders and
Lomi 2019; Wasserman and Faust 1994). Specifically, popularity centers on the receivers’
characteristics as a key driver of tie formation (Sauder, Lynn, and Podolny 2012). Thus, I include
an altX curricular group term to examine if higher-ranked students are more likely to be named
as friends. Likewise, to test for status effects based on GPA, I utilize an altX academic
performance term, which captures the extent to which students with higher GPASs receive more

nominations.

Alternative Mechanisms shaping Friendships

First, to estimate homophily and status effects based on curricular group placement and

academic performance, we must adjust for the possibility that these characteristics are related to
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how many friends students themselves nominate. Thus, to account for differences in outgoing
ties I include an egoX term for both curricular group membership and academic performance,

which capture if higher placed or higher performing students, respectively, name more friends.

Second, since academic and sociodemographic characteristics may be correlated with one
another, selection on one could give the appearance of selection on the other (Stearns,
Buchmann, and Bonneau 2009; Weber, Schwenzer, and Hillmert 2020). As a result, | account for
friendship based on salient background characteristics. For instance, past research has
highlighted the tendency to observe same-race as well as same-gender friendships in college
(Brouwer et. al 2022; Dokuka et al. 2020; Mayer and Puller 2008). I include sameX terms to
account for homophily on categorical characteristics. | also account for main covariate effects

(i.e., incoming/outgoing ties) using egoX/altX terms for dichotomous (and dummy) variables.

Third, to account for the fact that some students attended the same high school, and thus
might have known each other prior to college, I include a sameX high school term. To adjust for
unobserved characteristics that could be correlated with differential academic preparation across
students (e.g., expectations, motivations, etc.), I include simX high school GPA and simX SAT
score terms. To control for the known importance of residential life in shaping friendships in
college (Armstrong and Hamilton 2013; Stearns, Buchmann, and Bonneau 2009), | include a
sameX housing term. Finally, | include an egoX same-major ties term to control for the share of

friends within the biological sciences.

Finally, to account for endogenous network mechanisms that may shape friendship ties, I
include several prominent structural factors that have been identified in the social network
literature (Rivera, Soderstrom, and Uzzi 2010). These effects include the following: density (out-
degree), in-degree popularity (sgrt), out-degree activity (sqrt), in-degree activity (sqrt),
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reciprocity, transitive triplets, and transitive reciprocated triplets. In order, these effects capture
the general tendency to form friendships, tendency for actors with high in-degrees to attract extra
incoming ties, the tendency for actors with high out-degrees to send out extra outgoing ties, the
tendency for actors with high in-degrees to send out extra outgoing ties, the tendency to
reciprocate incoming ties, the tendency to become friends with the friends of one’s friends, and

to account for differential reciprocity effects for open and closed groups, respectively.

Measuring Friend Influence

In terms of the behavioral part of the model, the linear and quadratic shape parameters
control for the distributional features of the outcome. To account for friend influence, I include
an average similarity academic performance term to examine whether college students adapt
their academic performance to become (or stay) similar to the average performance of their
friends. This term will assess whether there is an influence effect of friend academic
performance on one’s own performance. | also include in-degree and out-degree effects to test
whether receiving more incoming ties or sending more outgoing ties, respectively, impacts
performance. To estimate the effect of friends on academic performance we need to control for
important individual covariates that may also predict GPA (Flashman 2012). In this analysis |
include several covariates that may impact grades in college—namely, race/ethnicity, gender,
first-generation student status, low-income status, international student status, high school GPA,

and SAT score. I also account for the student’s curricular group placement.

Missing Data and Attrition

To properly estimate the SAOMs, two additional steps were required to prepare the

dataset for analysis. First, around 4-5% of students who began in the biological sciences major in
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the fall term were no longer in the major by spring term. As such, students who left the major
were coded as structural zeros for the spring term network. Conceptually, this specifies in
RSiena that no incoming or outgoing ties may be present, and thus are considered structurally
determined values. Second, while the response rates to each questionnaire survey were very high,
there were still some non-respondents. Those who did not complete the survey were treated as
missing by coding their outgoing ties as NA.* Missing information regarding covariates (less
than 3%) was treated by SIENA’s default imputation procedures for missing values (see Ripley
et al. 2024 for details). Finally, the SAOM was estimated using centered covariates, except for

the high school and housing variables.

Modeling Strategy

| begin by estimating a separate SAOM for each first-year student cohort. Each SAOM
includes the main academic homophily and academic status effects of interest as well as all
covariates and endogenous network effects. The estimated effects can be interpreted as the
expected contribution to the log-odds of a student creating (or maintaining) a friendship in a
given dyad conditional on all other effects in the model. SAOM parameter estimates for this

study are calculated using the RSiena package, version 1.4.1 (Ripley et al. 2024).

To gauge the magnitude of these effects, | perform two follow-up analyses that
implement different kinds of “knockout experiments” to examine how friend selection and
friendship clustering, respectively, would change if we removed certain effects from the model
while holding all other factors constant (see Huang and Butts 2023). First, while SAOM

parameter estimates may show a significant effect on friendship, comparing different effects in a

14 Note that even students who did not take the survey could still be nominated as a friend, and as a result could
receive incoming ties.
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given model, as well as the same effects across cohorts, can be difficult. For instance, the main
analysis may show that being from the same high school significantly increases the likelihood of
a friendship. However, if few students attended high school together, then this mechanism would
not be expected to explain much of the network that emerged. Thus, to understand the impact
each effect has on the network, we need an estimate of the main effect that is adjusted for
opportunities for that effect to shape friendship. To accomplish this, | rely upon the sienaRl
function within RSiena to produce an estimate of the relative importance of effects on the
network (Indlekofer and Brandes 2013). This step will allow me to compare, for example, the

relative strength of academic-related effects to sociodemographic effects on friendship.

Second, while the SAOM and sienaRI analyses focus on the mechanisms behind
friendship development, we are also interested in how these processes may contribute to
friendship clustering in the network. Namely, from both a theoretical and policy standpoint, it is
important to know how much these underlying mechanisms may ultimately matter for patterns of
academic clustering that arise in the network. As such, I draw upon the MEMS function within
the netmediate package in R to produce an estimate of the micro effect on the macro structure
(MEMS) as discussed in Duxbury (2024). For the purposes of this paper, this final analysis will
look at the overall level of clustering in the network by curricular group placement and academic
performance as measured by the Moran’s I statistic. Because my main estimates utilize
longitudinal network models that account for selection and influence, this step will allow me to
investigate how much of the observed academically-based clustering in the network (i.e.,
network autocorrelation on these dimensions) is due to selection versus influence mechanisms.
For example, the MEMS will allow me to quantify how much of the observed clustering in the

network by academic performance among students is due to students selecting similar-

114



performing peers versus being influenced to perform similarly over time (Steglich, Snijders, and

Pearson 2010).

RESULTS

Figure 3.1. Freshman Biological Sciences Friendship Network Shaded by Curricular Group
Placement: Fall 2019
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Visualizing the friendship network through sociograms is one tool for understanding
basic patterns in a network. For example, from the Fall 2019 friendship network shown in Figure
3.1, we observe stark clustering of friendships along curricular group lines where nodes of the
same curricular group (color) are found closer together. Importantly, however, we see that even
though the network is segmented by curricular group it is still essentially one component. In

other words, it is not split into three distinct parts, which is what we would observe if friendships
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were solely among students in the same curricular group. This means that most students can
reach each other either directly or indirectly (e.g., through friends of their friends). Similar
patterns can be observed across terms and cohorts (see Appendices D-F).'® These patterns thus

provide visual evidence of curricular group homophily in the friendship network.

Table 3.2. Descriptive Statistics of Friendship Network

Fall Fall Spring Spring

Measure 2018 2019 2019 2020
Academic homophily effects

Curricular group (Moran's I) 587***  g83H** A9 x ¥ 624 % **

Academic performance (Moran's I) 231%** 357k A37%** Jd16%**
Academic status effects

Curricular group (Pearson's r with indegree) .012 -.134%** -.030 -.102%*

Academic performance (Pearson's r with indegree) .036 .0607 A73%** J135%**

tp<.10; *p<.05; **p<.01;***p<.001

To quantify these and other network patterns, I draw upon summary measures of
homophily and status by forms of curricular differentiation. First, to quantify clustering by
curricular group membership and GPA, | calculated the Moran’s I network autocorrelation
coefficient, which ranges from -1 to 1 and measures the degree to which friends display
similarity in curricular group level and academic performance. As shown in Table 3.2, observed
values for Moran’s I range from .49 to .68 for curricular group and from .12 to .36 for GPA,
indicating very strong to moderately strong levels of similarity in terms of curricular group
membership and academic performance, respectively. Second, to get an overall sense of potential
status effects due to curricular differentiation, | estimate Pearson’s r (i.e., correlation coefficient)
between measures of formal rank and network indegree. A positive association indicates that

higher curricular group placement or performance level receives more incoming ties. Pearson’s r

15 The 2019-2020 networks exhibit heightened levels of clustering likely due to the programmatic changes across
years that led to a stronger separation of students in their Fall term classes.
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results show a negative correlation between curricular group membership and incoming ties, and
a positive correlation between academic performance and friendship nominations, on average.
While these statistics describe overall patterns on each dimension independently, I turn next to
the stochastic actor-oriented models to test for homophily and status effects on these dimensions

jointly.

Table 3.3. Parameter Estimates from SAOMs Measuring the Co-evolution of Friendship Ties
and Academic Performance among Freshmen in Biological Sciences: Fall to Spring

Cohort 2018 — 2019 2019 -2020
Effects Coefficient SE Coefficient SE
Selection: Friendship Ties
Rate function 4.015 ***  (.218) 5.454 ***  (297)
Academic homophily effects
Shared coursework 747 ***  (.051) .630 ***  (.033)
Curricular group (same) 287 ** (.096) 341 *** (.082)
Academic performance (similarity) 444 (.465) 590 T (.311)
Academic status effects
Curricular group (alter) -304 ** (.098) -.123 (.094)
Academic performance (alter) .088 ** (.032) .051 * (.025)

Covariates: Network Outcome

Outdegree (density) -7.201 ***  (363) -6.059 *** (.232)
In-degree popularity (sqrt) -.139 (.126) .048 (.061)
Out-degree activity (sqrt) 1.081 ***  (\113) 725 *** (,075)
In-degree activity (sqrt) -1.077 ***  (.198) -1.015 *** (.130)
Reciprocity 3.983 *** (.252) 4270 ***  (,183)
Transitive triplets 1.912 ***  (.129) 1.157 ***  (.068)
Transitive reciprocated triplets -2.129 *** (.226) -.983 ***  (,099)
Curricular group (ego) -.044 (.109) -.073 (.096)
Academic performance (ego) -.051 (.036) .007 (.024)
Race/ethnicity (same) 397  ***  (,089) .504 ***  (.060)
Black/African American (ego) 1=yes .235 (.247) .070 (.215)
Black/African American (alter) 1=yes .109 (.221) -.017 (.192)
Hispanic/Latinx (ego) 1=yes .089 (.193) .140 (.110)
Hispanic/Latinx (alter) 1=yes .230 (.174) -.219 * (.111)
Asian/Asian American (ego) 1=yes -.023 (.172) .040 (.089)
Asian/Asian American (alter) 1=yes .034 (.156) -.216 * (.087)
Gender (same) 311 *** (.094) 309 ***  (.063)
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Gender (ego) 1=female
Gender (alter) 1=female
First-generation student status (same)

First-generation student status (ego) 1=yes
First-generation student status (alter) 1=yes

Low-income status (same)
Low-income status (ego) 1=yes
Low-income status (alter) 1=yes
International student status (same)
High school (same)

Housing (same)

High school GPA (similarity)

SAT score (similarity)

Same-major ties (ego)

Influence: Academic Performance

461 *** (1111) 102 (.071)
357 ***  (093) -.186 **  (.067)
.088 (.083)  -.007 (.055)
-275 **  (.105)  -.084 (.072)
-.097 (.094)  -.060 (.065)
.053 (.098) .019 (.060)
-.068 (123)  -.073 (.073)
-.095 (107)  -116 t (.065)
411 % (.164) .079 (.103)

698 ***  (1177) 657 ***  (114)
619 ***  (,080) 343 ***  (,056)

613 T (.324) 356 (.517)
520 (.358) 438 (.247)
170 *** (,041) .030 (.023)

Rate function

11.552 *** (1.038) 11.275 *** (1.042)

Linear shape -.012 (.037) 308 ***  (.042)
Quadratic shape -.016 ** (.006) .005 (.007)
Average similarity 2.406 ** (.752) 1.867 ** (.697)
In-degree 042 * (.019) .012 (.015)
Covariates: Performance Outcome
Out-degree .011 (.015) .022 (.017)
Curricular group placement -.018 (.040) -116 * (.061)
Race/ethnicity (reference=White)
Black/African American (1=yes) -.042 (.078) -.003 (.095)
Hispanic/Latinx (1=yes) -.030 (.060) .032 (.056)
Asian/Asian American (1=yes) .027 (.056) .108 * (.049)
Gender (1=female) .063 ¥ (.036) .094 * (.038)
First-generation student status (1=yes) -.015 (.039) -130 ***  (.039)
Low-income status (1=yes) .014 (.037) -.015 (.037)
International student status (1=yes) .083 (.073) -.130 (.080)
High school GPA 150 F (.085) -.003 (.069)
SAT score .000 (.000) -.000 (.000)
Maximum Convergence Ratio .159 .167

t p<.10; *p<.05; **p<.01; ***p<.001
Note: Standard errors in parentheses.

Table 3.3 shows the parameter estimates from the set of SAOMs measuring the co-

evolution of friendship ties and academic performance. First, in terms of homophily, we find a
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positive and significant effect of shared coursework on friendships. Namely, across cohorts, each
additional class shared among students significantly increases the likelihood of a friendship
developing (p<.001). In addition, the positive and significant curricular group (same) effect
indicates that students are more likely to befriend a peer from the same curricular group versus a
different one, net of course overlap. In contrast, when we look at selection by academic
performance, we find only a marginally significant effect of academic performance (similarity)
in the second cohort (p<.10). Finally, when testing for friend influence, we find strong and
consistent effects across both cohorts. In particular, the positive and significant average
similarity effect indicates that students tend to become (or stay) the same as their friends with

respect to performance (p<.01).

In terms of status effects, the SAOM results show that higher-performing students are
more likely to receive a friendship nomination compared to lower-performing students (p<.05).
In contrast, the negative curricular group (alter) effect indicates that students in a lower-tiered
group are more likely to receive friendship nominations. However, it is important to note that
this negative association is net of homophily and only reaches significance in the first cohort
(p<.01). When looking at potential network effects on performance, we find a positive and
significant in-degree effect in the first year (p<.05) where students who received more friendship

nominations tended to perform better over time.

Next, looking at SAOM estimates from background characteristics and other controls, we
see several significant effects. As has been highlighted in prior research, we find that students
tend to befriend others similar to themselves in terms of race/ethnicity and gender (p<.001).
There are also ego and alter effects for gender, where female students tend to send out more

friendship nominations while male students tend to receive more nominations (p<.01).
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Additionally, as expected, Table 3.3 shows that students who attended the same high school, or

who share the same living situation, are more likely to develop a friendship (p<.001).

Finally, in terms of endogenous network mechanisms, we also find several significant
effects. For example, the negative outdegree (density) term (p<.001) indicates that ties are
unlikely in the network unless other factors are present to increase the tendency to become
friends. The positive reciprocity effect (p<.001) shows that students are more likely to
reciprocate incoming friendship ties. Likewise, the positive transitive triplets term (p<.001)

indicates that ties that create more transitive triads have greater odds of forming than not.

Figure 3.2. Relative Importance of Effects on Friend Selection:
Freshmen in Biological Sciences (Fall — Spring)
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m Structural network effects

B Shared coursework

W Curricular group (after)

W Curricular group (ego)
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H Academic performance (alter)
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Sociodemographic effects

1 Pre-college factors and cther controls

2019-2020

Figure 3.2 shows the relative importance of effects, and groups of effects, on the

friendship network as estimated from the SAOMs for each cohort (see Appendix G for full

results). As expected, we see that structural network effects have a strong impact on friendships

(est. 54-60% of the relative share of importance) and thus act as important controls for our main

effects of interest. In turn, there are several key takeaways from this part of the analysis. First,

we can see that the relative importance of effects related to curricular group placement are about

twice as strong combined as the effects due to academic performance (11-12% vs. 5%). Second,
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comparing each academic-related effect, we find that shared coursework has the largest relative
contribution to the friendships that emerge (est. 7% of the relative share of importance). Third,
Figure 3.2 highlights that the combined total importance of all academically-based selection
effects, are roughly the same as all the sociodemographic effects (e.g., race/ethnicity, gender,
first-generation student status, etc.) (16-17% vs. 18-20%). Finally, except for a few effects such
as housing, it is notable how consistent the measures of relative importance are across the two

cohorts.

Table 3.4. Results from the Micro Effect on Macro Structure (MEMS) Estimation using Morans | by Curricular Group Placement
and Academic Performance as the Outcomes

Curricular Group Placement Academic Performance
MEMS % MEMS % MEMS % MEMS %
Joint Parameters 2018 Change 2019 Change 2018 Change 2019 Change
Academic mechanisms
Shared coursework .135%*  18.58 070* 9.76 .008 1.16 -.001 -2.28
(.048) (.034) (.049) (.037)
All curricular group-based selection effects? A74%%* 24,05 A134*%* 18,90 .002 -1.23 .004 .24
(.050) (.041) (.050) (.037)
All performance-based selection effects” -.003 -.69 -022 -3.28 .015 2.96 .023 9.30
(.048) (.035) (.056) (.042)
All performance-based influence effects® -.002 -44 -004  -.60 .100*  39.88 .045 20.86
(.048) (.033) (.056) (.042)
All performance-based selection and influence effects® -.001 -31 -024 -3.48 .126*% 50.06 .081* 39.74
(.045) (.037) (.058) (.045)
All academic-based selection and influence effects® A75%%% 2420 125%*  17.45 .135% 5367 .097* 47.86
(.054) (.044) (.064) (.048)
Sociodemographic mechanisms
All sociodemographic selection effects -.022 -3.30 -0l  -2.41 -008 -5.74 -006 -4.71
(.058) (.039) (.055) (.039)
Structural network mechanisms
All endogenous network selection effects® .083% 11.37 0651  9.07 .022 7.13 .003 -.02
(.064) (.050) (.056) (.041)
Pre-college factors and other mechanisms
All pre-college and other selection effects” -.015 -2.33 -008 -1.45 -003 -4.06 -005 -4.24
(.053) (.035) (.052) (.037)

Tp<.10; *p<.05; ¥*p<.01;***p<.001

Notes: Standard deviations in parentheses.

Each MEMS was estimated using 1,000 simulations.

aincludes: shared coursework + same/ego/alter curricular group effects.

b includes: similarity/ego/alter academic performance effects.

c includes: average similarityfin-degreefout-degree effects.

dincludes: all effects from b & c.

e includes: all effects froma—c.

fincludes: same/ego/alter race/ethnicity, sume/ego/alter first-generation student status, same/ego/alter low-income status, same/ego/alter gender, same international
student status effects.

gincludes: reciprocity, transitive triplets, transitive recipr. triplets, in-degree popularity (sqrt), in-degree activity (sqrt), out-degree activity (sqrt).
h includes: same high school, same housing, similarity SAT score, similarity high school GPA, ego same-major ties.
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Whereas Figure 3.2 focuses on mechanisms behind friend selection at the dyadic level,
Table 3.4 shifts to how much the modeled effects explain network-level friendship clustering by
curricular group placement and academic performance. From the micro effect on macro structure
(MEMS) analysis, we gain several important insights. First, looking at how much academic
mechanisms contribute to friendship clustering by curricular group placement, the effect of
shared coursework stands out. Specifically, | estimate that roughly 10-20% of the clustering by
curricular groups can be explained by shared coursework (p<.05). In turn, while the SAOMs
showed some evidence of a tendency to befriend lower-tiered students, net of homophily, the
MEMS indicate that the overall joint impact of all curricular group-based selection effects leads
to clustering in the network (.174 and .134; p<.001). In other words, the tendencies toward
curricular group homophily far outweigh the tendencies to cross curricular group boundaries and
thus lead to more segregation than integration (see S3.2). Second, investigating potential drivers
of clustering by academic performance, the MEMS estimates highlight that this is dominated by
performance-based influence effects. For example, in Cohort 1, our MEMS indicate that about
40% of the Moran’s I by academic performance is explained by all performance-based influence
effects (p<.05). Third, Table 4 shows that both dimensions of academic clustering are driven by
their own set of micro processes, where performance-based selection and influence effects are
not related to curricular-group clustering, and grouping-based selection effects are not related to
performance clustering. Fourth, when testing the potential impact of alternative mechanisms on
friendship clustering, we see that only the endogenous network effects significantly contribute.
This is somewhat surprising given that we expect several of the other covariates to correlate with
our academic measures and thus highlights the importance of running these counterfactual

simulations.
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DISCUSSION

While sociologists of education have a longstanding interest in the friendships that form
among students within schooling settings, we know relatively little about the link between
routine curricular practices and the informal networks that emerge. In this study, I utilize data on
two freshman biological sciences cohorts at a large, selective college and a set of stochastic
actor-oriented models (SAOMs), as well as two follow-up analyses, to: 1) examine how formal
curricular practices shape processes of friend selection among college students, 2) estimate the
relative importance of academically-based effects on friend selection at the dyadic level
compared to other well-known effects, and 3) quantify how much academically-based clustering
of friendships in the network is due to forms of curricular differentiation versus alternative

mechanisms.

With respect to the first aim, results of the SAOMs provide strong evidence of curricular
group homophily. Namely, we see that students tend to befriend peers from the same curricular
group versus a different one, and that each additional class shared among students increases the
likelihood of a friendship developing. We also find evidence of academic performance-based
status effects where students exhibit a heightened tendency to befriend higher-performing peers.
While not consistent across cohorts, our results provide some support for academic performance
homophily and reveal a tendency among students to befriend peers in a lower-tiered curricular
group, net of curricular group homophily. Importantly, the SAOMSs also show evidence that
students tend to align their own academic performance to the average performance of their

friends.

In terms of the second aim, the estimates of relative importance highlight the magnitude
of different effects related to curricular differentiation for processes of friend selection among
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college students. For example, among academic effects, we see that the combined relative
importance of effects related to curricular grouping are about twice as large as those for
academic performance. Thus, these findings help to quantify the strength of potentially more
direct and salient aspects of curricular differentiation on friendships versus arguably more
indirect and less visible forms of differentiation (Van Duijn et al. 2003). Notably, based on the
combined standardized effects as shown in Figure 3.2, we find that all the academic-related
effects have roughly the same relative importance on the friendships that develop as all the
common sociodemographic effects discussed in much of the prior sociological research
(Armstrong and Hamilton 2013; Espenshade and Radford 2009; Lee 2016; Stearns, Buchmann,
and Bonneau 2009). However, it is important to point out that these estimates of relative
importance are taken from among students within the same major. This is likely because these
forms of grouping and ranking practices are relatively more salient and known among this subset
of students. These results should thus be viewed as complementary to other work that focuses on
friendships of individual students within colleges (Johnson 2022; McCabe 2016) as well as
friendships across majors within a given institution (Mayer and Puller 2008; Wimmer and Lewis

2010).

Finally, regarding the third aim of the study, results of the MEMS shift our focus to drivers
of academically-based clustering of friendships at the network level. The MEMS show that
patterns of clustering (as measured by Moran’s 1) by curricular group placement are largely
driven by shared coursework. Thus, like research on “local positions” in high schools (Frank,
Muller, and Mueller 2013), we see from the MEMS that curricular group homophily among
college students is primarily the result of proximity and opportunities to interact as structured by

course co-enrollment (i.e., foci)(Feld 1981; Jeffrey et al. 2022). By contrast, the MEMS reveal
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that friendship clustering by academic performance among college students is dominated by
friend influence effects. Compared to recent research (Engzell and Raabe 2023), findings here
indicate that patterns of friendship sorting by performance measures can emerge due to influence
effects rather than selection and that performance clustering does not result from similarity on
other metrics such as standardized test scores (see S3.3). As a result, these findings highlight that
proximity mechanisms behind clustering along curricular group lines are separate from the

influence mechanisms driving observed clustering by academic performance.

Conceptually, results shown here add to our understanding of the link between forms of
curricular differentiation and the informal networks that develop. Specifically, | show that over
time, student friendship networks tend to become highly segregated by curricular group
placement and moderately clustered by academic performance (see Table 3.2). Importantly, |
shed light on some of the processes and mechanisms behind these patterns. First, | demonstrate
not only the significance of shared coursework in predicting which friendships develop, but |
also reveal that allocating students to distinct classes is the main driver of clustering along
curricular group lines at the macro (or network) level. In other words, in the absence of this
routine curricular practice, we would not expect to see the levels of segregation along these lines
that we do. Second, it seems that academic performance-based status effects related to ranking
among students, while significant at the dyadic level, has a largely null effect on performance-
based clustering in the network. For example, while the academic performance (alter) effect is
significant across cohorts (see Table 3.3), the joint impact of homophily and status seem to

largely offset one another (see S3.4).

Overall, like research on tracking at the K-12 level, we can think about the potential policy

implications of these findings in terms of both learning and inequality (Gamoran 1992; Hallinan
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1994). With respect to learning, akin to tracking at the K-12 level (Frank, Muller, and Mueller
2013; Kubitschek and Hallinan 1998), we find evidence that higher educational institutions can
substantially alter which friendships develop through grouping practices that restrict or constrain
who attends classes together. In turn, one of the key takeaways of this paper is the substantial
impact that the average performance of one’s friends within the major has on one’s own
performance (Hasan and Bagde 2013). If we view academic performance in college—net of pre-
college factors—as a sign of learning, then decisions surrounding course enrollment can have
indirect consequences for aggregate levels of learning among students through the friendships
that develop. Thus, whereas discussions surrounding grouping practices at the K-12 level have
largely focused on what takes place in the classroom (Gamoran 1992; Hallinan 1994), | add here
that at the higher education level, we must also acknowledge the social dynamics that occur

outside the classroom.

In terms of inequality, the findings presented here are less clear for three reasons. First,
although student friendships do tend to sort based on background characteristics, this sorting is
not related to the performance-based clustering we see in the network. Indeed, though not
significant, the MEMS indicate that selection based on sociodemographic characteristics as well
as pre-college and other factors contribute to a decrease in performance-based clustering in the
network (see Table 3.4). Second, while here I document friend influence effects, to understand
the total effect of grouping practices, we would also need to account for possible teacher effects
and the potential impact of differential pedagogical practices. Third, in general, we still lack a
good understanding of what predicts success in college (Bowman 2023), and thus a related
aspect is exactly how or why friends would matter for performance. For instance, it may be

related to study habits or other academic practices (Johnson 2022; McCabe 2020). Better
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understanding these dynamics is essential for thinking about potential network interventions. For
example, Figure 3.1 highlights that most students in the major are connected to one another
through some path. However, due to the fast pace of introductory STEM courses, friendship
clustering in the network could lead some students to gain access to beneficial information

earlier than others and thus gain a competitive advantage in the major.

This study is not without limitations. First, while inferences are based on longitudinal data
and capture the temporal ordering of effects, | cannot claim to document causal effects. Second,
the status effects shown here call for further research. My data is unable to unpack why we find
status effects for performance but not curricular group. I speculate that any tendency among
students to befriend lower-ranked peers could be the result of the additional resources the
developmental students were provided with in this context. In other words, this finding could
stem from instrumental drives among students to access the additional resources offered to this
group. It could also be the result of failed attempts to befriend higher-ranked peers if those
students are more insular or otherwise less available. As such, better understanding the nature of
status effects within educational settings is a critical area for sociologists of education to pursue
(Martin and Murphy 2020). Future research should explore how students themselves make sense
of the forms of curricular differentiation examined in this study. For instance, it remains unclear
exactly how aware students may be of each other’s curricular group placement compared to their
academic performance (Santoro and Bunte 2022). It may be that academic performance is more
salient and known among students and thus able to induce status effects where weaker forms of
tracking do not (Dokuka et al. 2020; Grunspan et al. 2016; Smith 2015). Additionally, future
work should collect and study alternative measures of status among peers compared to

sociometric popularity examined here (see Vorés, Block, and Boda 2019). Ultimately, however,
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findings here indicate that potential status effects based upon either curricular group membership
or academic performance are unlikely to lead to meaningful integration in the network across
levels. Institutions wanting to facilitate these connections would likely have to be more

intentional about structuring opportunities to interact.
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CHAPTER 3

SUPPLEMENTARY MATERIALS

S3.1. Main Effects from SAOMs using Spring Term Curricular
Group Membership

Selection: Friendship Ties 2018 — 2019 2019 — 2020
Academic homophily effects
Shared coursework TA4x** B607*F**
(.049) (.037)
Curricular group (same) 178+ 319%**
(.101) (.086)
Academic performance (similarity) 444 .783*
(.477) (.328)
Academic status effects
Curricular group (alter) -.390%*** -410***
(.103) (.093)
Academic performance (similarity) .073* 045%
(.031) (.025)

Influence: Academic Performance

Average similarity 2.085** 1.298*
(.705) (.656)

In-degree .046* .026
(.019) (.017)

Maximum Convergence Ratio .168 210

Tp<.10; *p<.05; **p<.01;***p<.001

Notes: Standard errors in parentheses.

SAOMs also account for: (1) Network dynamics on friendship: density,
reciprocity, transitive triplets, transitive recipr. triplets, in-degree popularity
(sqrt), in-degree activity (sqrt), out-degree activity (sqrt), ego curricular group,
ego academic performance, same/ego/alter race/ethnicity, same/ego/alter first-
generation student status, same/ego/alter low-income status, same/ego/alter
gender, same international student status, same high school, same housing,
similarity SAT score, similarity high school GPA, ego same-major ties and (2)
Behavioral dynamics on GPA: linear shape, quadratic shape, out-degree,
race/ethnicity, first-generation student status, low-income status, gender,
international student status, curricular group placement, SAT score, and high
school GPA.
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S3.2. Results from the Micro Effect on Macro Structure (MEMS) Estimation using
Morans | by Curricular Group Placement as the Outcome

MEMS % MEMS %

Joint Parameters 2018 Change 2019 Change
Shared coursework + curricular group (same) +
curricular group (alter) selection effects A77*** 24,53 27> 17.79
(.052) (.041)

Tp<.10; *p<.05; **p<.01;***p<.001
Notes: Standard deviations in parentheses.
MEMS were estimated using 1,000 simulations.

S3.3. Results from the Micro Effect on Macro Structure (MEMS)
Estimation using Morans | by Academic Performance as the Outcome

MEMS % MEMS %

Parameter 2018 Change 2019 Change
SAT score (similarity) selection effects .001 -2.61 .002 -1.21
(.048) (.039)

Tp<.10; *p<.05; **p<.01;***p<.001
Notes: Standard deviations in parentheses.
MEMS were estimated using 1,000 simulations.

S3.4. Results from the Micro Effect on Macro Structure (MEMS) Estimation
using Morans | by Academic Performance as the Outcome

MEMS % MEMS %

Joint Parameters 2018 Change 2019 Change
Academic performance (similarity) + academic
performance (alter) selection effects .021 5.81 .028 12.10
(.056) (.039)

Tp<.10; *p<.05; **p<.01;***p<.001
Notes: Standard deviations in parentheses.
MEMS were estimated using 1,000 simulations.
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CONCLUSION

My dissertation has examined various ways in which individuals are ranked and sorted in
higher education. Theoretically, | have shown that students are ranked not only across
institutions in terms of selectivity, but also within a given institution (e.g., curricular grouping,
grades, etc.). | have also drawn attention to not only the ways in which routine curricular
practices may shape the networks that emerge, but also the significant influence friends have on
one another’s performance in college.

Together the studies presented here highlight the importance of understanding the
hierarchical nature of the educational system in the US. Specifically, we need to continue to
interrogate the stratification of educational credentials in the US context. This stratification could
be conceptualized in terms of both its vertical and horizontal dimensions. The vertical dimension
would focus on how far students go in their studies, and the role of not only undergraduate but
also graduate degrees. The horizontal dimension would study differentiation across a given level
of schooling, such as institutional selectivity, major or field of study, and performance level.

A more systematic investigation of educational credentials in the US would allow for two
fruitful areas of future research. First, within the subfield of stratification and mobility, we need a
better grasp of how much of the intergenerational transmission of advantage is due to the
signaling power of a given educational credential and if this has changed over time. This
understanding would allow us to see how much skills, credentials, and occupational attainment
are aligned. In turn, if the goal is to expand access to skill development in college, then it seems
more studies are needed within the “sociology of learning”(Boocock 1966). Namely, we still
know relatively little about how to leverage interpersonal ties to maximize learning in higher

education. With increasing doubts about the value of a college degree, as well as the rapid
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growth of artificial intelligence, understanding the unique contribution of peer-to-peer

connections and their influence on learning seems like a promising potential avenue.
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APPENDICES

Appendix A. Chapter 1 Descriptive Statistics

Measure
Dependent variable
Application selectivity (most selective based on IPEDS data)
Applied (yes=1)
Main independent variable
Socioeconomic composite score (-2 to 2)
Rational action model
Performance differentials
11th-grade GPA
AP coursework (yes=1)
Standardized test score (SAT or equivalent)
Choice differentials
Informational resources
Attended program at or taken tour of college campus (yes=1)
Searched for college options (yes=1)
Talked w/ high school counselor (yes=1)
Talked w/ college admission's counselor (yes=1)
Took preparatory course for college admission exam (yes=1)
College considerations
Being close to home (very important=1)
Cost of attendance (very important=1)
Academic quality/reputation (very important=1)
Family/friend recommendations (very important=1)
Family legacy (very important=1)
Degree program (very important=1)
Graduate school placement (very important=1)
Job placement (very important=1)
Play school sports (very important=1)
Campus social life / school spirit (very important=1)
Status attainment model
Educational expectations (level ranging from 1 <HS to 6 MA+)
Educational expectations (type based on IPEDS data)
Number of applications submitted
Controls
Race/ethnicity (reference=white)
White
Black / African American
Hispanic / Latinx
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Mean/
prop.

32.19
0.89

-0.07

2.92
0.42
987

0.55
0.87
0.65
0.12
0.48

0.23
0.65
0.78
0.22
0.08
0.77
0.57
0.73
0.21
0.58

4.98
33.18
281

0.57
0.10
0.15

%
imputed

9.9
5.6
1.0

1.8
1.9
1.9
2.1
2.0

3.7
3.9
3.9
3.8
4.0
3.9
4.0
3.9
3.8
3.6

10.1
42.1
4.6

3.9



Asian / Asian American 0.10

Multiracial / other 0.09
Gender (reference=female) 0.51 <1
School control (reference=public) 1.8
Public 0.81
Catholic 0.12
Other private 0.07
School type (reference=regular) 4.2
Regular 0.93
Charter school 0.02
Special program school 0.03
Other school type 0.02
School urbanicity (reference=city) 1.8
City 0.29
Suburb 0.30
Town 0.12
Rural 0.29
Geographic region (reference=New England) 1.8
New England 0.04
Middle Atlantic 0.12
East North Central 0.21
West North Central 0.07
South Atlantic 0.22
East South Central 0.09
West South Central 0.09
Mountain 0.05
Pacific 0.11
High school size (enrollment number) 1224 4.2
Percent free / reduced price lunch 0.35 5.5

NOTE: Values may not sum to one due to rounding.

SOURCES: U.S. Department of Education, National Center for Education Statistics, High
School Longitudinal Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for Education Statistics, Integrated
Postsecondary Education Data System (IPEDS), 2011-2012.
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Appendix B. Results of the Blinder-Oaxaca
Decomposition Analysis of the Gap in College
Application Selectivity between Students in the

Top and Bottom SES Quintiles

Component

Outcome differential
Low SES (prediction)
High SES (prediction)

Difference

Endowments effect
Controls
GPA
AP coursework
Standardized tests
Information
Considerations
Expectations: level
Expectations: type
Number of applications
Total

Coefficients effect
Controls
GPA
AP coursework
Standardized tests
Information
Considerations
Expectations: level
Expectations: type
Number of applications
Constant

Total

Interaction
Controls
GPA
AP coursework
Standardized tests
Information
Considerations

Coef.

19.702
43.641
-23.939

-1.040
-2.889
-0.550
-6.934
-0.849
-0.917
-1.037
-3.109
-3.233
-20.557

-0.784
2.232
2.361
-11.811
1.090
3.402
4.689
-3.640
5.314
-6.565
-3.712

-0.195
-0.374
-1.057
2.470
0.042
1.092
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Std. Err.

(2.08)
(.524)
(2.11)

(.663)
(.445)
(.200)
(573)
(.207)
(.228)
(.399)
(.256)
(.231)
(1.09)

(2.46)
(4.54)
(.863)
(4.72)
(2.03)
(1.79)
(5.24)
(1.30)
(.999)
(10.48)
(1.38)

(1.07)
(.763)
(.391)
(.989)
(.341)
(.383)

Sig.

*kxk
*kk

*kxk

*xxk
**

*kk
**k*k

*kk

*kk
*k*k

*x*k

**

**

*k*k

**

**



Expectations: level -0.619  (.693)

Expectations: type 0.934 (.338) *x
Number of applications -1.963  (.384) Fhx
Total 0.330 (1.87)

Tp<.10; *p<.05; **p<.01;***p<.001

NOTE: Controls include: race/ethnicity, gender, school
control, school type, school urbanicity, geographic region,
high school size, and percent free/reduced price lunch.
Information includes: attended program at or taken tour of
college campus, searched for college options, talked w/
high school counselor, talked w/ college admission's
counselor, took preparatory course for college admission
exam. Considerations include: being close to home, cost of
attendance, academic quality/reputation, family/friend
recommendations, family legacy, degree program,
graduate school placement, job placement, play school
sports, campus social life/school spirit.

SOURCES: U.S. Department of Education, National
Center for Education Statistics, High School Longitudinal
Study of 2009 (HSLS), 2012, 2013.

U.S. Department of Education, National Center for
Education Statistics, Integrated Postsecondary Education
Data System (IPEDS), 2011-2012.
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Appendix C. Rating Criteria for Barron's Competitiveness Index 2011-2012

Most
Competitive

These colleges require high school rank in the top 10-20% and
grade average A to B+. Median freshman test scores at these
colleges are generally between 655 and 800 on the SAT and 29
and above on the ACT. In addition, many of these colleges admit
only a small percentage of those who apply-usually fewer than
one third.

Highly
Competitive

Colleges in this group generally look for students with grade
averages of B+ to B and accept most of their students from the
top 20-35% of the high school class. Median freshman test scores
at these colleges generally range from 620 to 654 on the SAT and
27 or 28 on the ACT. These schools generally accept between
one third and one half of applicants.

Very
Competitive

Colleges in this category generally admit students whose
averages are no less than B- and who rank in the top 35-50% of
their graduating class. They generally report median freshman
test scores in the 573 to 619 range on the SAT and from 24-26 on
the ACT. These schools generally accept between one half and
three quarters of their applicants.

Competitive

This category is a very broad one, covering colleges that
generally have median freshman test scores between 500 and 572
on the SAT and between 21 and 23 on the ACT. Some of these
colleges require that students have high school averages of B- or
better, although others state a minimum of C+ or C. Generally,
these colleges prefer students in the top 50-65% of the graduating
class and accept between 75% and 85% of their applicants.

Less
Competitive

Included in this category are colleges with median freshman test
scores generally below 500 on the SAT and below 21 on the
ACT; some colleges that require entrance examinations but do
not report median scores; and colleges that admit students with
averages generally below C who rank in the top 65% of the
graduating class. These colleges usually admit 85% or more of
their applicants.

Noncompetitive

The colleges in this category generally only require evidence of
graduation from an accredited high school (although they may
also require completion of a certain number of high school
units.) Some require that entrance examinations be taken for
placement purposes only, or only by graduates of unaccredited
high schools or only by out-of-state students. Generally, if a
college accepts 98% or more of its applicants, it automatically
falls in this category. Colleges are also rated as Noncompetitive if
they admit all state residents, but have some requirements for
nonresidents.

SOURCE: Barron's Profiles of American Colleges 2011
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Appendix D. Freshman Biological Sciences Friendship Network Shaded by Curricular Group
Placement: Fall 2018

B Honors
O Regular
O Developmental

Note: Isolates are not displayed.
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Appendix E. Freshman Biological Sciences Friendship Network Shaded by Curricular Group
Placement: Spring 2019

B Honors
O Regular
O Developmental

Note: Isolates are not displayed.
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Appendix F. Freshman Biological Sciences Friendship Network Shaded by Curricular Group
Placement: Spring 2020

B Honors
O Regular
O Developmental

Note: Isolates are not displayed.
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Appendix G. Expected Relative Importance of Effects on
Friend Selection: Full Estimates

Effect 2018 2019
Outdegree (density) 209 186
Reciprocity 064 111
Transitive triplets 030 .054
Transitive reciprocated triplets 014 .019
In-degree popularity (sgrt) 022 011
In-degree activity (sqrt) .085 114
Out-degree activity (sqrt) 114 104
Shared coursework .065 .067
Curricular group (alter) .018 .008
Curricular group (ego) .002 .003
Curricular group (same) 027 .039
Academic performance (alter) 029 .023
Academic performance (ego) 011 .002
Academic performance (similarity) 014 .024
Race/ethnicity (same) 031 .050
Black/African American (alter) 1=yes .002 .0002
Black/African American (ego) 1=yes .003 .001
Hispanic/Latinx (alter) 1=yes 012 .015
Hispanic/Latinx (ego) 1=yes .003 .006
Asian/Asian American (alter) 1=yes .002 .019
Asian/Asian American (ego) 1=yes .001 .002
Gender (alter) 1=female 023 .015
Gender (ego) 1=female 019 .005
Gender (same) .030 .036
First-generation student status (alter) 1=yes .007 .006
First-generation student status (ego) 1=yes 013 .004
First-generation student status (same) .008 .001
Low-income status (alter) 1=yes .006 .010
Low-income status (ego) 1=yes .003 .004
Low-income status (same) .005 .002
International student status (same) .037 .008
High school (same) .007 .010
Housing (same) 050 .030
High school GPA (similarity) .009 .002
SAT score (similarity) .009 .010
Same-major ties (ego) 019 .004
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