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Abstract

Numerous research studies have explored the influence of curriculum complexity on student per-
formance, primarily focusing on factors like retention and graduation rates. Many of these inves-
tigations have employed conventional machine learning and data analysis methods, often yielding
results that are challenging to interpret and convey effectively. Furthermore, these studies have
generally lacked a comprehensive framework for elucidating how variables such as student gender
and prior academic preparation contribute to selecting specific university programs, each char-
acterized by its structural complexity. These studies have yet to present foundational models to
elucidate the fundamental mechanisms underlying the causal relationship between the complexity
of university programs, student attributes, and success metrics. Our present study introduces an
innovative causal inference network model that conceptualizes the university as a dynamic system
with interrelated causal relationships among its various components, encompassing students, pro-
grams, colleges, graduation rates, and more, each with their respective dependencies. This model
allows us to comprehend and visually represent the direction of causality between different vari-
ables, enabling us to investigate how changes in one variable, the causal factor, impact another
variable. This implementation of causality not only facilitates predictive tasks, like other conven-
tional machine learning models (i.e., hypothetical causation), but also enables us to conduct objec-
tive “what-if” analyses (i.e., counterfactual causation) within the research context. In this study, we
leverage real-world student data from 30 universities across the United States. The richness and
diversity of our dataset empower us to draw robust insights into the causal relationships among
various factors that influence student performance, particularly the complexity of the curriculum.
A key finding from our causal analysis indicates that an increase in program complexity by 20
points is correlated with a decrease of 3. 74% in the likelihood of graduating within four years.
Moreover, our counterfactual scenarios demonstrate that for students with specific demographic
profiles, such as males with a certain HSGPA not receiving Pell Grants, an increase in complexity



could inversely affect their graduation prospects. These nuanced discoveries underscore the impor-
tance of curriculum design in alignment with student demographics and preparation, challenging
educators to balance academic rigor with the facilitation of student success. The breadth and scale
of our dataset significantly enrich the quality of our conclusions, providing valuable guidance for
future educational strategies and policies.

keywords: curricular complexity, causal inference, student success, graduation rates, educational
data mining

1 Introduction

Curriculum complexity, an intrinsic characteristic of educational programs, has increasingly be-
come a focal point of academic research due to its presumed impact on student performance. The
architecture of a curriculum – encompassing the breadth and depth of content, the sequencing
of subjects, and the interplay of various pedagogical approaches – directly influences the learning
environment. This influence is often reflected in key educational outcomes such as student engage-
ment, comprehension, retention, and graduation rates. The complexity of a curriculum, therefore,
is not merely an academic concern but a pivotal factor that could shape students’ educational tra-
jectory and success. However, research in this domain often needs to be revised, particularly in
unraveling the intricate causal relationships within the educational ecosystem. While numerous
studies have explored how various aspects of curriculum design affect student outcomes, they pre-
dominantly employ conventional data analysis and machine learning methods. These approaches,
while valuable, often lead to results that are correlative rather than causative. Therefore, the chal-
lenge lies in moving beyond identifying patterns and correlations to understanding the underlying
causal mechanisms. This gap in existing research is particularly evident in the lack of a compre-
hensive framework that considers the multifaceted influences on student performance, including
factors such as student gender, socioeconomic background, prior academic preparation, and the
unique structural complexities of different university programs. Addressing this research gap, our
study introduces an innovative approach – a causal inference network model – designed to concep-
tualize the university as a dynamic system. This model embraces the complexity of educational
environments, acknowledging the myriad of interrelated components that coexist within them,
such as students, academic programs, and institutional policies. Using this causal inference net-
work model, our study aims to unravel the complex web of relationships and dependencies within
the university setting. This approach is not limited to predictive capabilities, as seen in traditional
machine learning models; it also enables us to engage in objective “what-if” analyses. These anal-
yses delve into counterfactual reasoning, allowing us to explore hypothetical scenarios and their
potential impacts on student outcomes. We aim to utilize this model to better understand the causal
relationships between curriculum complexity and student performance metrics. By doing so, we
aim to contribute a novel perspective to educational research discourse, offering theoretical insights
and practical implications for curriculum design and student success strategies. This study not only
seeks to fill a critical gap in current academic research but also aspires to provide educators and
policymakers with a robust tool for informed decision-making, ultimately enhancing students’ ed-
ucational experience and outcomes.



2 Background and Literature Review

Transitioning from the Introduction, which sets the stage for the importance of understanding the
influence of curriculum complexity on student performance, we dive deeper into the nuances of
this relationship. This exploration is critical as it sheds light on the multifaceted nature of education
and its impact on learners. When examined closely, curriculum complexity reveals itself in two
primary dimensions: structural and instructional. The structural complexity entails the organiza-
tion of the curriculum, focusing on aspects such as the sequencing of courses and the prerequisites
required. Such structural aspects significantly influence the educational trajectory of the students.
For instance, a curriculum that demands a rigid progression of courses with tightly interlinked pre-
requisites may inadvertently create barriers to student progression. This complexity can lead to a
higher probability of student dropout or an extended time required to complete their studies. This
phenomenon is well-documented in the literature, investigating how various structural designs of
curricula either facilitate or hinder student advancement1,2,3,4,5,6,7,8,9,10,11,12,13,14,15. On the other side
of the spectrum lies instructional complexity, encompassing the teaching methodologies and sup-
port mechanisms integrated within the curriculum. This dimension concerns the depth and variety
of teaching methods, the rigor of content delivered, and the support systems in place to guide stu-
dents through their educational journey. Studies have indicated that while a richly diverse instruc-
tional approach can enhance learning, it may also lead to challenges if not adequately supported.
The survey by Hiebert et al. highlights the potential negative impact of high instructional com-
plexity on student engagement and comprehension16. When students are confronted with overly
complex instructional methods with sufficient support, they can significantly improve their abil-
ity to engage and understand the material. The delicate balance between these two dimensions of
curriculum complexity is essential. Achieving an optimal curriculum design involves finding a har-
mony where the structural and instructional complexities complement rather than contradict each
other17. A curriculum that is overly complex in structure but lacking in instructional richness may
lead to student overwhelm. In contrast, a curriculum rich in instructional complexity but needs to
be better organized can create clarity and disengagement. Understanding the implications of cur-
riculum complexity on student performance is a multifaceted endeavor. It involves considering not
only the individual elements of curriculum design but also the interplay between these elements.
This understanding is crucial for educators and curriculum designers as they strive to create edu-
cational experiences that are both challenging and supportive, thereby enhancing student learning
outcomes and overall academic success. As we explore these dimensions of curriculum complex-
ity, it becomes apparent that traditional methods of analysis, particularly those used in machine
learning and data analytics, need to be revised to fully capture the dynamic nature of educational
environments. While adept at identifying patterns and correlations, these conventional methods
often need help understanding the complex causal relationships in academic settings. This leads
to a critical analysis of these limitations and the need for more nuanced approaches in educational
research. In educational research, conventional machine learning and data analysis methods have
provided substantial insights into student performance and curriculum effectiveness. However, its
utility in establishing causality within the dynamic and multifaceted world of education still needs
to be improved. This limitation comes primarily from their focus on identifying correlations rather
than causative relationships. Such methods are adept at sifting through large datasets to find pat-
terns but often fail to discern whether one variable is the cause of changes in another18. This is
particularly critical in education, where understanding the cause-and-effect relationships is vital



to effective curriculum design and pedagogical strategies. Educational environments are inher-
ently complex and characterized by a variety of interacting variables. Conventional data analysis
methods, with their linear and isolated approaches, often fail to capture this complexity, leading to
incomplete or even misleading insights. This limitation in effectively handling the intricate nature
of educational systems is echoed in Shmueli’s work, highlighting the challenges in establishing
causality in statistical analysis19. In addition, these conventional methods often hinder the genera-
tion of actionable insights crucial for developing educational policy and curriculum. The insights
from such analyses may indicate trends within educational settings but need more clarity on why
these trends occur and how they can be effectively addressed. This gap in practical applicability
is of great concern, as noted in the work by Daniel KB, which discusses the potential and limita-
tions of big data and learning analytics in higher education20. Recognizing these limitations, there
is a growing need for more comprehensive analytical approaches in educational research. Such
approaches should integrate the ability to analyze complex, multidimensional data while provid-
ing a deeper understanding of the causal relationships within educational settings. This evolution
in research methodologies is essential for developing more effective, evidence-based educational
policies, curricula, and teaching strategies. Transitioning from the discussion of conventional ma-
chine learning and data analysis methods, it becomes clear that educational research requires more
sophisticated analytical approaches, particularly in understanding the causal dynamics within ed-
ucational settings. This necessity has led to the increasing importance of causal inference in aca-
demic research, representing a significant shift from mere correlation-based analysis to a focus
on uncovering cause-and-effect relationships. Causal inference offers a more refined lens through
which researchers can examine how different elements within the educational spectrum, such as
curriculum design, instructional methods, and other environmental factors, directly impact student
outcomes. This approach is essential in disentangling the complex interplay of variables within ed-
ucational settings. Researchers can move beyond surface-level associations by employing causal
inference methodologies to uncover the underlying mechanisms that drive educational outcomes.
Adopting causal inference in educational research marks a critical advance in the field. It allows for
a more comprehensive approach to analyzing education systems’ multifaceted and dynamic nature.
Pearl and Mackenzie’s landmark work delves into the foundational concepts of causal inference,
providing a framework that is increasingly being applied in educational research21. Their work
has been instrumental in introducing causal models and the concept of counterfactuals, which are
essential for understanding what might happen under different educational scenarios. Moreover,
the research conducted by Holland further clarifies the distinction between observational and ex-
perimental data in drawing causal conclusions22. This distinction is crucial in educational settings,
where randomized controlled trials are often impractical or unethical, thus necessitating sophisti-
cated methods to draw causal inferences from observational data. Causal inference in education
also aligns with the principles outlined in Morgan and Winship’s work, emphasizing statistical
methods for causal analysis in social sciences23. Applying these principles to educational research
has opened new avenues for understanding how changes in specific curricula or teaching meth-
ods can affect student learning and achievement. This shift towards causal inference underscores
the necessity for methodologies that accommodate the complexity of educational systems and un-
ravel the causal relationships within them. By adopting these advanced approaches, academic
researchers and policymakers can gain more nuanced insights into how different factors contribute
to educational outcomes, leading to more effective and targeted interventions. In essence, the
movement toward causal inference in educational research is a response to the limitations of tra-



ditional analytical methods. It offers a pathway to more robust, evidence-based insights that can
profoundly impact educational practices and policies.

3 Methodology

Transitioning from the importance of causal inference in educational research, this section of this
study is crucial in understanding how these advanced techniques are applied to real-world data.
The dataset employed in this study comprises a rich and diverse collection of student data from 30
different universities. This data set includes several covariates or variables integral to understand-
ing the educational landscape and student outcomes.

3.1 Data Description
The dataset features a range of variables designed to capture the multifaceted nature of student
experiences and outcomes across various universities. These variables include:

1. Program Complexity: This is a discrete variable reflecting the complexity of each program
that students attend at a given university. The complexity metric could encompass factors
like the number of required courses, the depth of course content, and the sequencing of
course material1,12.

2. University: A categorical variable listing the names of the universities where students are
enrolled. This variable allows for analyzing how institutional differences impact student
outcomes.

3. grad4: A binary variable that indicates whether a student graduated within a four-year time
frame (1) or took more than four years (0). This variable is essential to assess the efficiency
and effectiveness of university programs.

4. HSGPA: High School GPA for each student, measuring academic performance prior to uni-
versity enrollment. This variable is often used in educational research to control for prior
academic achievement, as noted in studies like24.

5. Gender: A binary variable (0 for male and 1 for female) representing the Gender of the
student. Gender has been shown to play a role in educational outcomes and choices, as
explored in25.

6. Pell Award: A binary variable indicating whether a student received Pell Grant money (1) or
not (0). This variable indicates students’ socioeconomic status and is crucial to understand-
ing access to educational opportunities and resources.

3.2 Causal Inference Network Model
The core of the study’s methodology is developing and applying a causal inference network model.
This model is designed to visualize and analyze the causal relationships among the various compo-
nents of the university setting, including student characteristics, program features, and educational
outcomes. The model enables the identification of potential causal paths and the estimation of the



effects of changes in one variable on others. For instance, it can help determine how modifica-
tions in program complexity affect graduation rates or how socioeconomic factors like Pell Grant
awards influence student success. The development of this model follows the principles outlined
in Pearl’s work, which provides a comprehensive framework for constructing and analyzing causal
models in various domains, including education26. This model employs advanced statistical tech-
niques to draw causal inferences from observational data, providing deeper insights than traditional
correlation-based studies. By integrating these rich data and advanced modeling techniques, the
study aims to uncover the nuanced interactions and causal mechanisms that influence student out-
comes in higher education. This approach marks a significant contribution to the field, offering
theoretical and practical insights into the factors driving student success and program effectiveness
in university settings.

4 Data Analysis and Results

In the preliminary analysis phase of this educational research, the focus is on meticulously prepar-
ing the student data for comprehensive analysis. This phase encompasses several critical steps
in data management, each contributing significantly to the overall integrity and accuracy of the
study. Initially, the process begins with carefully reading and importing raw student data, includ-
ing variables like Program Complexity, University, grad4, HSGPA, Gender, and Pell Award. The
accuracy in this initial step is crucial as it sets the foundation for all subsequent analyses. One of
the first tasks in data preprocessing is handling missing values. Missing data can lead to biases if
not appropriately addressed. Depending on the data’s nature and the analysis type, strategies like
imputation or listwise deletion are often employed. Enders’ work provides extensive methodolo-
gies for managing missing data in research27 . Encoding categorical variables is another vital step.
Variables such as University or Gender often require conversion into numerical formats for com-
patibility with most statistical analysis algorithms. This encoding ensures that these categorical
variables are accurately interpreted in later analysis stages. The techniques and best practices for
this can be found in28. Data normalization is also undertaken to ensure that variables measured
on different scales contribute equally to the analysis. This process is essential to prevent biases in
the model’s performance due to variables with higher magnitudes. For more, Kuhn and Johnson’s
work offers insights into the importance and methods of feature scaling and normalization29. The
culmination of these processes results in a clean, well-structured dataset that is primed for detailed
analysis. This dataset forms the basis for the study’s more complex analyses, underscoring the
importance of thoroughness and precision in this preliminary phase.

4.1 Causal Model Building
Building on the meticulous groundwork laid by the preliminary analysis, the study advances into
a pivotal phase of Causal Model Building, employing the PC (Peter-Clark) algorithm. This al-
gorithm is instrumental in the causal discovery process, providing a means to discern potential
causal structures within the dataset, a task especially pertinent in the intricate field of educational
research. The PC algorithm, a linchpin in causal discovery, is adept at navigating scenarios where
causal relationships are not predefined or hypothesized. It systematically tests for conditional inde-
pendencies among variables, constructing a causative narrative. This aspect of the PC algorithm is
particularly beneficial in educational research, where variables are often interdependent and com-



Figure 1: Causal Network Diagram

plex, as noted in30. When applying this algorithm in educational settings, intricate interactions
such as those among Program Complexity, HSGPA, Gender, and Pell Awards are elucidated. This
methodology could, for example, reveal unanticipated causal pathways, such as the impact of so-
cioeconomic factors such as Pell grants on academic performance, going beyond direct academic
indicators like HSGPA. This aligns with the foundational concepts in causal inference discussed in
Pearl’s work26.

Incorporating the results of the PC algorithm into the study, we have a visual representation of the
causal relationships within the educational data, as depicted in the causal network diagram shown
in Figure 1. This diagram, a direct output from the PC algorithm, illustrates the potential causal
pathways among key variables such as HSGPA, Gender, Pell Award, Program Complexity, Uni-
versity, and grad4. The diagram indicates, for instance, how Program Complexity may directly or
indirectly influence whether students graduate within four years (grad4) and how other variables
like University or Pell Award potentially moderate this relationship. This visual tool is instrumen-
tal in making sense of complex interactions and guiding the subsequent analysis, ensuring that the
model considers the multifaceted influences on graduation rates. The causal network diagram also
suggests potential mediation effects, such as how the influence of Gender on graduation rates may
be mediated through variables like Pell Award or Program Complexity. Integrating this causal
network diagram into the study’s findings provides a powerful illustration of the causal relation-
ships suggested by the PC algorithm. It offers a concrete foundation for further analysis, such as
applying statistical techniques such as logistic regression or gradient-boosting classifier (GBC) to
estimate the causal effects quantitatively. These methods can validate the suggested pathways and
assess the strength and significance of the relationships depicted in the diagram. By adding this
visual component, the study gains a clearer understanding of the data structure and ensures that the
interpretation of the causal relationships is grounded in empirical evidence. This approach aligns
with the principles of causal discovery and the foundational concepts of causal inference outlined



in30,26. Furthermore, it reinforces the importance of robust methodological frameworks for causal
inference in educational research as emphasized in23. However, implementing the PC algorithm
comes with its challenges. It requires careful navigation through the complexities of extensive and
multifaceted educational datasets, demanding computational rigor and a profound understanding
of the underlying educational phenomena. The algorithm’s adaptability for exploratory research,
where relationships aren’t preconceived, is a significant advantage. Despite its strengths, the PC
algorithm has limitations, notably in situations with hidden confounders or within large, high-
dimensional datasets. These scenarios require a nuanced interpretation of the resulting causal
models, considering the impact of data quality, including sample size and measurement accuracy,
on the findings. Integrating the PC algorithm into this study is part of a broader initiative to in-
fuse more rigorous, data-driven causal analysis into educational research. This method aligns with
the escalating focus on evidence-based educational policy and practice, aiming to uncover com-
plex causal structures within educational data, as expounded in23. This comprehensive approach
contributes to a more nuanced understanding of educational processes and outcomes, informing
precise and effective interventions. In essence, deploying the PC algorithm for building a causal
model embodies an advanced and refined approach in educational research. It holds the potential
to unlock novel insights into the causal dynamics that shape educational environments and student
outcomes, marking a significant stride in the field.

4.2 Exploratory Data Analysis
Following the intricate causal model constructed using the PC algorithm, our study’s exploratory
data analysis (EDA) phase probes deeper into the causal network diagram, elucidating the multi-
faceted relationships it represents. This phase is instrumental in visualizing the distribution of pro-
gram complexity across various educational institutions, evaluating gender disparities within these
institutions, and examining the association between program complexity and graduation rates. A
Kernel Density Estimate (KDE) analysis, as depicted in Figure 2, reveals a discernible pattern
in which students with higher High School GPA (HSGPA) scores tend to gravitate towards more
complex academic programs. This pattern suggests a correlation in which students’ educational
background influences their choice of academic challenges31. The KDE analysis compares the
program complexity preferences of two cohorts of male students delineated by their HSGPA. The
first cohort, with HSGPAs ranging from 2.0 to 2.5, presents a different complexity preference than
the second cohort, which consists of students with HSGPAs greater than 3.5. These KDE plots
underscore the varying academic dispositions based on prior performance, indicating that students
with higher academic achievements in high school are more inclined to enroll in structurally and
academically more demanding programs. This observation could imply that students with higher
HSGPA are more confident in their academic capabilities or are better prepared to handle the rig-
ors of complex programs. Such insights are crucial, as they point toward underlying educational
stratification mechanisms where academic proficiency influences program selection, potentially
leading to resource concentration in certain student demographics32. Furthermore, this propensity
of students with higher academic achievement to opt for more challenging programs may reflect
the selective nature of such programs, which may prioritize applicants with a solid educational
foundation. Thus, comparative KDE analysis provides a statistical lens through which we can
gauge the probability density of students enrolling at varying levels of program complexity, laying
the groundwork for understanding how educational policies and interventions could be tailored to



bridge the academic preparedness gap and foster equitable access to challenging curricula33.

Figure 2: Comparative KDE of Program Complexity for male students with different HSGPA
ranges.

Continuing from the insights provided by the KDE analysis, we further examine the variability in
program complexity among universities. This part of the exploratory data analysis focuses on how
the structural aspects of university curricula influence student enrollment decisions. As highlighted
in Figure 3, the distribution of program complexity varies notably between different institutions,
such as University ’1’ and University ’3’. This variability is not merely incidental but indica-
tive of these institutions’ diverse academic cultures and curricular frameworks. The KDE plot for
University ’1’, with a multi-peaked distribution, suggests a curriculum that offers a wide array of
programs ranging from less to more complex. In contrast, University ’3’s distribution, character-
ized by fewer peaks, might imply a more focused or streamlined set of programs. The complexity
of a program often reflects the depth and breadth of the curriculum, the number and sequencing
of courses, and the level of integration of cross-disciplinary studies, all of which contribute to the
academic experience a university offers34. The differences in program complexity distributions
can also be tied to each university’s unique mission and educational philosophy. Some institutions
may prioritize a liberal arts education, offering a broad range of courses with varying levels of
complexity. In contrast, others may focus on specialized or professional programs that are inher-
ently more complex due to their depth in a particular field35. Moreover, the choice of a specific
university program is not only influenced by the interests and academic capabilities of students but
also by the perceived value of the program in the job market, which can be linked to its complex-
ity36. Students might perceive more complex programs as providing a competitive edge for future
employment, thus influencing their enrollment decisions. This variability in program complexity
among universities has significant implications for educational policy and student guidance. Uni-
versities need to ensure that the complexity of their programs is aligned with their educational
objectives and the needs of their student population. This alignment is critical for maintaining aca-
demic standards while promoting student success and retention37. The insights from this analysis



underscore the need for a nuanced understanding of how program offerings relate to student choice
and success. They provide a foundation for further research into optimizing program complexity
to enhance educational outcomes and student satisfaction.

Figure 3: Distribution of Program Complexity for Universities 1 and 3.

The exploratory data analysis extends to the domain of financial aid, specifically examining the
distribution of Pell Grant awards in relation to Gender. As evidenced in Figure 4, there is a marked
gender disparity in the allocation of Pell Grants, with a higher proportion of female students be-
ing recipients. This finding is consistent with national trends that show women are more likely
to receive Pell Grants, a phenomenon that has been the subject of substantial research in higher
education policy38. The Pell Grant program, designed to provide need-based grants to low-income
undergraduate students, is crucial in facilitating access to higher education. The gender dispar-
ity observed may reflect underlying socioeconomic factors that affect men and women differently.
Research suggests that women are more likely to come from backgrounds that qualify for finan-
cial aid, and they also tend to apply for it at higher rates than their male counterparts39. The
overrepresentation of female students among Pell Grant recipients could also be linked to broader
educational attainment patterns. Women have been enrolling in and graduating from higher edu-
cation institutions at higher rates than men, which may correlate with a greater need for financial
support to complete their education40. Furthermore, the trend may be amplified by differences
in the field of study choices, with women often entering less lucrative fields immediately after
graduation, necessitating financial assistance during their studies41. This gender-based analysis
of financial aid not only highlights the disparities that exist in higher education financing but also
raises important policy considerations. For instance, there may be a need to examine the support
structures for male students, particularly those from low-income backgrounds, to ensure equitable
access to financial aid resources. Understanding these gender disparities is critical for higher ed-
ucation institutions and policymakers as they strive to design financial aid policies that effectively



address the needs of all students. Such policies can have far-reaching implications for promoting
diversity and inclusion within the educational system.

Figure 4: Gender distribution among Pell Grant recipients.

The distribution of Pell Grants, a proxy for the socioeconomic status of the student body, varies
significantly across different universities. In Figure 5, this variation is starkly evident in the com-
parison between University ’3’ and University ’6’, with the former showing a more equitable dis-
tribution and the latter exhibiting a higher concentration of Pell Grant recipients. This discrepancy
may reflect the diverse economic backgrounds of the students they serve, suggesting that Univer-
sity ’6’ may cater to a more economically disadvantaged population. The Pell Grant program is
a federal initiative in the United States that provides need-based grants to low-income students to
promote access to postsecondary education. The distribution of these grants can be influenced by
several factors, including the institution’s mission, the demographic it attracts, and the geographic
region it serves. For example, some universities might be situated in areas with higher levels of
economic hardship or have missions that focus on serving underprivileged communities, which
could explain a higher concentration of Pell Grant recipients42. Furthermore, the contrasting Pell
Grant distributions could also be an outcome of the differing institutional aid policies and the ca-
pacity of these universities to provide financial assistance beyond federal aid. Universities with
robust financial aid programs might be able to supplement the needs of low-income students more
effectively, thus attracting a larger population eligible for Pell Grants43. Additionally, the observed
discrepancies might relate to the academic programs offered by the universities. Some academic
fields may draw a demographic that is more likely to qualify for Pell Grants, reflecting the intersec-
tion between students’ socioeconomic background and their field of study choice44. The insights
gleaned from the analysis of Pell Grant distributions are significant for understanding how uni-



versities can develop targeted strategies to support their student populations. They also highlight
the importance of considering the interplay between federal, state, and institutional financial aid
policies and their collective impact on promoting access and equity in higher education. Under-
standing these institutional differences is crucial for policymakers who are tasked with ensuring
that higher education remains accessible to all students, regardless of their economic background.
It also serves as a call to action for universities to examine their policies and practices to ensure
they meet the needs of their diverse student bodies.

Figure 5: Comparative Distribution of Pell Grants between Universities 3 and 6.

The variability in educational outcomes is further accentuated when we scrutinize the 4-year grad-
uation rates across different universities. As depicted in Figure 6, there is a discernible differ-
ence in the graduation efficiency between University ’5’ and University ’7’. University 5’ has a
commendably higher proportion of students graduating within a standard four-year period than
University 7’, which suggests disparities in educational efficiency and perhaps differences in the
support structures provided to students. The 4-year graduation rate is a critical metric for assess-
ing the effectiveness of universities in facilitating timely degree completion. Factors influencing
this rate include the rigor and complexity of academic programs, the level of educational support,
and the financial resources available to students45. For instance, University ’5’s higher gradua-
tion rate may be attributed to more integrated academic advising systems, compelling first-year
experiences, or greater availability of financial aid that minimizes the need for students to work
while studying, allowing them to focus on their studies and complete their degrees on time40. Con-
versely, University ’7’s lower 4-year graduation rate might reflect challenges such as inadequate
academic advising, insufficient financial aid, or a student body with more external commitments,
which could extend the time needed to graduate46. It’s also possible that University ’7’ serves a
larger proportion of nontraditional students, who often take longer to graduate due to part-time
enrollment, work, and family responsibilities47. These findings highlight the importance of insti-
tutional accountability in promoting student success. Universities are encouraged to examine their



policies and programs to identify barriers to timely graduation and develop interventions to im-
prove educational efficiency48. Understanding these graduation rates in the context of institutional
characteristics provides valuable insights for educational leaders and policymakers aiming to en-
hance student success and institutional performance. It also underscores the need for nuanced data
analysis beyond simple comparisons to understand the factors contributing to these outcomes.

Figure 6: 4-Year Graduation Rates for Universities 5 and 7.

Exploring the influence of program complexity on the 4-year graduation rate reveals a nuanced
aspect of academic dynamics. Figure 7 illustrates a salient feature of higher education—the exis-
tence of a complexity threshold that, when surpassed, corresponds with a decreased likelihood of
graduating within the traditional four-year window. This phenomenon is discernible across student
cohorts, each exhibiting a critical complexity point beyond which graduation rates falter. Program
complexity, as measured by the breadth and depth of coursework, the integration of interdisci-
plinary studies, and the academic load, can pose significant challenges to students. The analysis
suggests that there is an optimal balance to be struck where program rigor enhances learning with-
out impeding progress toward graduation. This aligns with the body of research that underscores
the delicate interplay between academic challenge and student support systems49. For both co-
horts analyzed, a program complexity threshold suggests that institutions must carefully consider
the design of their curricula. Programs must be rigorous enough to provide a quality education
yet structured to promote timely completion. This underscores the need for universities to con-
tinually assess and recalibrate their curriculum to align with student capabilities and institutional
support services50. Furthermore, this relationship between program complexity and graduation
rates calls attention to the importance of academic advising and support services. Adequate ad-
vising can help students navigate complex programs effectively, making informed decisions about



course loads and sequences that align with their circumstances and academic goals51. The find-
ings from this study contribute to the discourse on curriculum development and student success,
emphasizing that higher education institutions should focus not only on the content of education
but also on the structure and delivery of their programs. By doing so, they can create pathways
to degree completion that accommodate a diverse student body, each with unique academic and
personal backgrounds.

Figure 7: 4-Year Graduation Rates by Program Complexity for two student cohorts.

The exploratory data analysis conducted across various dimensions of the educational experience
synthesizes a multifaceted narrative about the determinants of student success. The juxtaposition
of program complexity with graduation rates, the distribution of financial aid across gender lines,
and the variability in institutional support all contribute to a complex mosaic of factors affect-
ing educational outcomes. These insights, gleaned from the visualizations provided by Figures 2
through 7, are not merely descriptive but form the basis for a deeper inquiry into the mechanics
of student success. The KDE plots and bar charts are more than illustrative tools; they visually
represent the underlying data that capture trends, outliers, correlations, and anomalies. The narra-
tive that emerges from these figures points to the interdependence of student demographics, such
as Gender and socioeconomic status, with institutional characteristics like program offerings and
support structures. For instance, the overrepresentation of female students among Pell Grant re-
cipients could reflect broader societal trends, such as the gender gap in economic status and the
drive towards higher education as a pathway to economic mobility52. Similarly, the comparison
of graduation rates between institutions, as shown in Figure 6, underscores the need for policies
that recognize and address the diversity of student experiences. Universities like University ’5’,
which exhibit higher 4-year graduation rates, may provide models of institutional practices that
effectively support timely degree completion. Understanding what these institutions do differently
can inform broader policy initiatives to improve graduation rates across the board53. Furthermore,
the critical program complexity thresholds identified in Figure 7 highlight the importance of cur-



riculum design in student retention and success. They suggest a need for curricular pathways that
are challenging yet navigable, with academic advising and support tailored to help students man-
age their course loads without compromising their time-to-degree54. These findings contribute
significantly to our understanding of the educational landscape and have important implications
for future research and policy-making. They suggest that efforts to improve educational outcomes
should be holistic, considering the academic content and the context in which education is deliv-
ered. As such, they provide a compelling argument for integrated policy responses that address the
economic, educational, and institutional barriers to student success55.

4.3 Causal Effect Estimation
In this pivotal section of our analysis, logistic regression and GBC are employed to estimate the
causal effect of curriculum complexity on 4-year graduation rates, incorporating key confounders
such as High School GPA (HSGPA) and Gender. These methodologies enable us to elucidate the
complex causal pathways influencing educational outcomes. Logistic regression, a widely utilized
statistical method for binary classification problems, is applied to model the likelihood of students
graduating within four years based on curriculum complexity while controlling for HSGPA and
Gender. This approach is particularly effective in isolating the effect of curriculum complexity
on graduation rates, accounting for the potential influence of these confounders56. The GBC, a
powerful ensemble machine learning technique, further refines our analysis. Known for its high
predictive accuracy, this method aggregates weak predictive models to form a robust predictor,
making it highly suitable for our complex educational dataset57. To estimate the causal impact, we
adopt a counterfactual framework, expressed mathematically as

EH,G [E(Y | do(t = 1), H,G)− E(Y | do(t = 0), H,G)] (1)

This equation calculates the expected value, over confounders HSGPA (H) and Gender (G), of the
difference in the conditional expected value of the graduation outcome (Y) given the do-operator
interventions do(t = 1) and do(t = 0) where t represents the treatment variable (curriculum
complexity, in our case). Essentially, this formula allows us to evaluate the expected change in
graduation rates if a student were subjected to varying levels of program complexity, controlling
for their High School GPA and Gender58. By applying these sophisticated statistical and machine
learning tools, our study moves beyond correlation to unravel the causal relationships that gov-
ern education. These techniques provide invaluable insights into how various factors, including
program complexity, High School GPA, and Gender, collectively shape students’ likelihood of
graduating in four years, offering crucial educational policy and curriculum design guidance.

4.3.1 Interpretation of Results

In the context of our study’s causal effect estimation, the results obtained from logistic regression
and GBC provide a nuanced view of the impact of curriculum complexity on 4-year graduation
rates. The logistic regression model yields a causal estimate of −0.000469, while the GBC model
provides an estimate of −0.000623. These negative values indicate that as program complexity
increases, the probability of students graduating within four years slightly decreases, holding other
variables constant. The interpretation of these findings is nuanced. The negative coefficient from



the logistic regression analysis suggests a small, yet statistically significant, decrease in the like-
lihood of on-time graduation as program complexity rises. This could imply that overly intricate
programs may hinder some students’ ability to graduate in a standard timeframe, potentially due
to the increased academic demands that come with complexity. Similarly, the GBC model’s es-
timate reinforces this notion but indicates a slightly more significant effect. Given the non-linear
capabilities of the GBC model, this might reflect a more nuanced relationship between program
complexity and graduation rates, capturing impacts that the logistic regression may not fully detect
due to its linear nature. These results, while subtle in magnitude, are crucial for higher educa-
tion decision-makers. They imply that curriculum complexity has a tangible, if modest, impact on
graduation timelines. University administrators and policymakers should consider these findings
when designing or restructuring academic programs. The goal would be to balance maintaining
academic rigor and ensuring that complexity does not become a barrier to graduation. For in-
stance, curricula might be designed with tiered levels of complexity, allowing students to choose
pathways that align with their academic preparation and life circumstances. Similarly, advising
services could be tailored to help students navigate complex requirements, and support programs
could be implemented to assist students who may struggle with more demanding courses. Given
the stakes involved in graduation rates—for students’ futures, institutional accountability, and the
broader workforce—the insights from this causal analysis are non-trivial. They can inform tar-
geted interventions aimed at smoothing the path to graduation, which could profoundly impact
individual and institutional success.

The culmination of this study is the integration of rigorous data preprocessing, sophisticated causal
model building, exploratory data analysis, and the application of advanced statistical techniques.
Together, these methodologies form a comprehensive approach to elucidate the causal relation-
ships present within educational data. By meticulously preparing the dataset and employing robust
statistical models, we have isolated and quantified the effects of curriculum complexity on stu-
dent outcomes, particularly 4-year graduation rates. The causal model, developed through the
PC algorithm, laid the groundwork for understanding the intricate relationships between various
educational variables. Following this, exploratory data analysis provided a visual and statistical
exploration of key factors such as program complexity, gender disparities, and the distribution of
financial aid. Advanced statistical techniques, including logistic regression and GBC, were then
applied to estimate the causal impact of curriculum complexity on graduation rates, revealing that
increased complexity slightly diminishes the likelihood of graduating within four years. These
findings, as evidenced by the negative causal estimates obtained, underscore the delicate balance
that higher education institutions must maintain between offering rigorous academic programs and
ensuring students can complete these programs promptly. The study’s insights are particularly rel-
evant for university administrators and policymakers tasked with designing curricula and support
systems that foster student success. The implications extend beyond academia, as graduation rates
directly impact the workforce and society at large. Institutions may need to re-evaluate their cur-
riculum structures and consider the introduction of support mechanisms that assist students in nav-
igating complex programs59,60. Furthermore, these insights could guide future research, informing
longitudinal studies that track the long-term impact of curricular changes on student outcomes.
As Long61 indicates, addressing academic barriers in higher education is essential for broadening
access and improving graduation rates. The nuanced understanding of the factors affecting gradua-
tion rates can also inform the development of online learning platforms, which have been shown to



influence student course outcomes significantly62. The study provides a data-driven foundation for
initiatives to improve educational attainment, emphasizing the need for evidence-based decision-
making in higher education.

4.4 Intervention and Counterfactual Analysis
In this section of our study, we advance beyond identifying causal relationships to actively manip-
ulate these relationships within a Graphical Causal Model (GCM) framework. This model serves
as a visual and mathematical representation of the causal relationships and is instrumental for
conducting both intervention analysis and counterfactual reasoning. The GCM was constructed
following the guidelines by Pearl, using the relationships uncovered in the PC algorithm phase58.
This model lets us articulate the assumed causal pathways visually and formalize the relationships
using structural equations mathematically. These equations form the basis for our intervention
analysis, where we simulate the effect of changes in program complexity on graduation rates using
the Average Treatment Effect (ATE) within the potential outcomes framework:

ATE = E[Y (1)− Y (0)] (2)

where Y (1) and Y (0) denote the potential outcomes on graduation under treatment and control
conditions, respectively. The intervention analysis involves modifying the curriculum complexity
variable within our model to observe the hypothetical changes in graduation outcomes. This anal-
ysis type is often called a ’do-operation’ in causal inference literature21. By setting the curriculum
complexity variable to specific values, we can estimate the expected change in graduation rates as if
the complexity had been set to those values in the real world. Through a simulated intervention that
increased program complexity by 20 points and using the GBC model, our study observed a 3.74%
decrease in the four-year graduation rate. This substantial reduction underscores the significant im-
pact of curriculum design choices on student outcomes. In addition to intervention analysis, we
explore counterfactual scenarios, which allow us to answer ’what-if’ questions. These scenarios
involve hypothesizing different outcomes based on alterations to the observed data. For instance,
we might ask: “What would the graduation rate for a student with a given HSGPA and Gender have
been if they had enrolled in a program with lower complexity?” Counterfactual analysis provides
a deeper understanding of individual-level causation, which can be particularly useful for person-
alized academic advising and policy planning23. For example, consider a male student with a high
school GPA (HSGPA) of 3.08, not receiving a Pell Grant, with a program complexity score of 154,
attending University ’2’. Our counterfactual analysis suggests that increasing program complexity
by 20 points could change this student’s four-year graduation status from successful to unsuccess-
ful. This result is a stark illustration of the sensitivity of graduation outcomes to even moderate
changes in curriculum complexity and is expressed as:

Ycounterfactual(u) = Y (u) | do(Program Complexity = Program Complexity + 20) (3)

These findings have profound implications for university administrators and policymakers. The
intervention analysis indicates that curriculum complexity should be calibrated carefully to ensure
it does not hinder student success. The counterfactual scenarios highlight the importance of per-
sonalized academic advising; students on the margin of these complexity thresholds could be at
risk of not graduating on time, and tailored support could be critical for their retention and success.



5 Discussion

This section critically examines the interplay between program complexity, student demographics,
and four-year graduation rates, integrating the diverse strands of evidence presented in our analy-
sis. Our investigation reveals that students with HSGPA tend to enroll in more complex academic
programs. This finding aligns with theories of academic self-selection where students seek en-
vironments that match their preparation levels and aspirations50. The KDE analysis showed that
students with higher HSGPAs are more likely to pursue more complex programs. This might re-
flect confidence in their academic capabilities or an ambition to challenge themselves, a narrative
supported by the positive association in the logistic regression analysis. However, the GBC model
nuanced this picture by indicating a slight negative causal effect of increased program complex-
ity on graduation rates. This subtle yet significant finding suggests that while students with high
academic achievements may seek out and initially succeed in more complex programs, there is a
point where increased complexity may start to hinder their ability to graduate within the traditional
four-year timeline45. The causal estimates from logistic regression and GBC models underscore
the sensitivity of student outcomes to program complexity. Specifically, our intervention analysis
showed that adding 20 points to the program complexity score could result in a 3.74% decrease in
the likelihood of graduating on time, which is substantial when considering the scale of a univer-
sity student body. Furthermore, the counterfactual scenarios brought to light the individual-level
effects of curriculum complexity, illustrating how a seemingly moderate increase in complexity
can decide a student’s ability to graduate on time, especially for students who may already be near
the threshold of their academic capabilities. This nuanced understanding of the relationship be-
tween curriculum complexity and graduation rates holds significant implications for educational
policy and curriculum development. While pursuing rigorous academic standards is a laudable
goal, our findings caution against an uncritical elevation of complexity. Instead, they suggest that
universities adopt a more individualized approach to curriculum design that considers the diverse
capabilities and needs of the student population40. The counterfactual analysis, in particular, has
powerful implications for personalized academic advising and support. By understanding the spe-
cific factors affecting individual students, advisors, and educators can tailor their support to help
each student navigate their academic journey more effectively23. Our study contributes to the
ongoing discourse on how best to structure university programs to support student success. It
highlights the need to balance challenging students academically and providing them with a clear
path to graduation, affirming the critical role of informed, data-driven decision-making in higher
education.

Our approach to understanding these relationships through a GCM and applying causal inference
techniques, such as the do-calculus for intervention analysis and counterfactual scenarios, is unique
in educational research. While previous studies have focused on the correlation between student
characteristics and educational outcomes, our study extends this by examining the causal impact of
curriculum complexity on graduation rates. This has allowed us to confirm patterns noted in prior
research and understand the directional influence of program complexity on student success. Pre-
vious studies have demonstrated the importance of academic preparation and curriculum structure
on student outcomes50,40. However, our study contributes to the field by applying a causal infer-
ence framework to quantify the effect of curriculum complexity, providing a more detailed under-
standing of how it influences graduation rates. This application aligns with recent methodological



advancements emphasized by researchers like Pearl and Morgan and Winship, who advocate for
a more rigorous causal analysis in social research58,23. Furthermore, our findings challenge some
traditional assumptions about program complexity. Whereas some pedagogical theories posit that
higher complexity might foster deeper learning and better prepare students for post-graduation
challenges, our counterfactual analysis suggests a threshold beyond which additional complexity
may hinder timely graduation. This nuance adds a layer of complexity to the dialogue on cur-
riculum design, as identified by Bound, Lovenheim, and Turner, who explore the multifaceted
influences on college completion rates45. By contrasting our findings with the broader literature,
we highlight the contribution of our work to the ongoing discussion about educational attainment.
Our study underscores the need for nuanced curriculum design that considers student demograph-
ics and academic backgrounds to support diverse educational needs and promote equity in higher
education outcomes.

6 Conclusion

In conclusion, our study has made several key contributions to educational research by apply-
ing a rigorous causal inference framework to examine the effects of curriculum complexity on
4-year graduation rates. Using a Graphical Causal Model (GCM), we have demonstrated that pro-
gram complexity has a quantifiable impact on student graduation timelines. Our intervention and
counterfactual analyses indicate that an increase in complexity by 20 points is associated with a
3.74% decrease in the likelihood of graduating within four years, highlighting the delicate balance
required in curriculum design. Nuanced understanding of the relationship between curriculum
complexity and student success contributes significantly to this study. We have shown that while
students with higher academic achievements tend to enroll in more complex programs, there is a
threshold beyond which additional complexity may impede timely graduation. This finding chal-
lenges the assumption that increased complexity leads to better preparation for post-graduation
challenges. Our study extends the existing literature, which primarily focuses on correlational
analyses, by providing a deeper causal analysis of how curriculum structures affect educational
outcomes. In doing so, we contribute to the discourse on how universities can optimize curriculum
design to accommodate the diverse needs of their student body, thereby promoting equitable ed-
ucational outcomes. For future research, there are several potential avenues to explore. One area
would be to conduct longitudinal studies to track the long-term effects of curriculum complex-
ity on a broader range of student outcomes, including post-graduation employment and earnings.
Another area could be to investigate the impact of curriculum complexity within different fields of
study or types of institutions to understand whether and how these effects vary across different edu-
cational contexts. In addition, further research could explore the effectiveness of various academic
support interventions in helping students navigate complex curricula. This could include studies
on the role of academic advising, tutoring, and other forms of student support services. Finally,
there is scope for international comparative studies to understand how curriculum complexity im-
pacts graduation rates in different educational systems and cultural contexts. The findings from
our study underscore the importance of data-driven decision-making in higher education and the
potential for causal inference methodologies to inform policy and practice in this field.
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