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Abstract

This research investigates disparities in access and representation within specialized high school admissions processes, focusing on public middle
schools in New York City. Leveraging a dataset by a non-profit organization dedicated to increasing diversity in specialized high school
admissions, the study employs exploratory data analysis and unsupervised learning techniques to identify schools with high levels of
underrepresentation and academic potential. The analysis reveals significant disparities in access to specialized high schools, with certain
demographic groups and schools facing barriers to entry. Through k-means clustering, schools are categorized based on their academic
performance and demographic composition, enabling targeted intervention strategies to address disparities in access and representation. The
research proposes general use towards education, including on-campus interventions, awareness campaigns, and regional information sessions,
aimed at fostering equitable access to specialized high school programs. This study contributes to the broader discourse on educational equity
and offers valuable insights for policymakers, educators, and researchers seeking to promote diversity and inclusion within educational systems.
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1. Introduction

In contemporary education systems, ensuring equitable access to specialized educational opportunities remains a
critical concern [1], [2], [3]. The landscape of high school admissions often reflects broader societal disparities, with
certain demographic groups facing barriers to entry into prestigious programs [4], [5], [6]. Addressing these disparities
requires a nuanced understanding of the factors influencing students' access and success within specialized high school
environments [7], [8], [9]. This study seeks to explore the complex interplay between school demographics, academic
performance, and access to specialized high schools, proposing a methodology to identify and address inequities in
admissions processes.

The proposed methodology centers on a comprehensive analysis of middle school data, leveraging both demographic
indicators and academic performance metrics [10], [11], [12]. By examining the compositional differences between
feeder and non-feeder middle schools, the study aims to identify patterns of underrepresentation among specific
demographic groups [13]. Utilizing unsupervised learning techniques such as k-means clustering, the research seeks to
categorize middle schools based on their academic performance levels and potential as feeders for specialized high
schools. This approach enables a nuanced understanding of the factors contributing to disparities in access to
specialized educational opportunities [14], [15].

One of the key innovations of this study lies in its emphasis on unsupervised learning methods and exploratory data
analysis, diverging from traditional predictive modeling approaches. By prioritizing exploratory analysis, the research
aims to uncover hidden patterns and insights within the data, avoiding the perpetuation of existing biases encoded in
predictive models. Furthermore, the study proposes targeted interventions based on the intersection of demographic
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composition and academic performance, offering a novel framework for addressing inequities in specialized high
school admissions processes.

The primary objective of this research is to provide actionable insights for stakeholders involved in educational equity
initiatives. By identifying schools with significant disparities in access to specialized high schools, the study aims to
inform targeted intervention strategies aimed at increasing diversity and representation within these institutions.
Additionally, the research seeks to contribute to the broader discourse on educational equity, highlighting the
importance of data-driven approaches in identifying and addressing systemic disparities in access to specialized
educational opportunities. Through these objectives, the study aims to catalyze positive change in the landscape of high
school admissions, fostering a more equitable and inclusive educational environment for all students.

2. Literature Review

Numerous studies have delved into the complexities surrounding access and representation within specialized high
school admissions, offering valuable insights into the factors influencing students' pathways to these prestigious
institutions. For example, Lovett [16] conducted a comprehensive analysis of demographic trends in specialized high
school admissions, highlighting disparities in acceptance rates among different racial and socioeconomic groups. Their
study underscored the need for targeted interventions to address these disparities, emphasizing the importance of early
intervention programs and outreach initiatives in fostering diversity within specialized high school populations [17],
[18].

In a similar Chamorro et al. [19] explored the role of middle school academic preparation in influencing students'
likelihood of admission to specialized high schools. Through a longitudinal analysis of academic performance data,
they identified key predictors of success on specialized high school entrance exams, shedding light on the importance
of early academic enrichment programs and access to resources in middle school settings. Their findings underscored
the need for interventions aimed at enhancing academic readiness among underrepresented student populations,
particularly in schools with limited access to educational resources [20].

Building upon these foundational studies, Czibula et al. [10] employed machine learning algorithms to identify patterns
of underrepresentation among middle schools in specialized high school admissions. By analyzing demographic data
and academic performance metrics, they developed a predictive model capable of identifying schools with significant
disparities in access to specialized high schools. Their study highlighted the potential of data-driven approaches in
informing targeted intervention strategies aimed at increasing diversity and representation within specialized high
school populations [11], [21], [22].

Furthermore, Mahindru and Sangal [23] conducted a qualitative study exploring the experiences of underrepresented
students in specialized high school settings. Through in-depth interviews and focus group discussions, they examined
the socio-cultural factors influencing students' sense of belonging and academic success within these institutions. Their
findings underscored the importance of fostering inclusive environments and providing targeted support services for
underrepresented student populations in specialized high schools [24], [25].

In summary, previous research on similar concepts has highlighted the multifaceted nature of disparities in specialized
high school admissions, emphasizing the need for targeted interventions aimed at increasing diversity and
representation within these institutions. By leveraging data-driven approaches, such as machine learning algorithms
and qualitative analyses, researchers have provided valuable insights into the factors influencing students' pathways to
specialized high schools and identified promising strategies for fostering inclusivity and equity within these educational
settings.

3. Method

3.1. Dataset Analysis

The dataset utilized for this research is sourced from Kaggle and provided by PASSNYC, a non-profit organization
dedicated to increasing diversity in students applying for and receiving placements at specialized high schools (SPHS)
in New York City. This dataset comprises comprehensive information on public middle schools in New York City,
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including demographic data, academic performance metrics, and indicators of socioeconomic status. The relevance of
this dataset to the research lies in its alignment with the central focus of the study, which seeks to explore disparities
in access and representation within specialized high school admissions processes.

The dataset's suitability for this research is multifaceted. Firstly, it offers rich insights into the demographic composition
and academic performance of middle schools in New York City, allowing for a nuanced analysis of factors influencing
students' pathways to specialized high schools. Additionally, the dataset includes indicators of socioeconomic status,
providing valuable context for understanding disparities in access to specialized high school programs. Moreover, the
dataset's provision of school-level data enables a comprehensive examination of the educational landscape, facilitating
the identification of patterns and trends that inform targeted intervention strategies.

The relevance of this dataset extends beyond the context of New York City and holds significant implications for
educational policies and practices worldwide, including in Indonesia. While the specific nuances of educational
systems may vary between countries, the overarching challenges of promoting diversity, equity, and inclusion within
specialized high school admissions processes are universal. By leveraging insights from the PASSNYC dataset,
policymakers, educators, and researchers in Indonesia can gain valuable insights into effective strategies for addressing
disparities in access to specialized high school programs and fostering equitable educational opportunities for all
students. Thus, the dataset's high relevance and applicability to the Indonesian case underscore its importance in
informing evidence-based decision-making and fostering positive change in educational systems globally.

3.2. Research Steps

The research step as shown in Figure 1, process begins with an executive summary and exploratory data analysis
(EDA), offering a succinct overview of dataset analysis and preliminary findings. This summary serves as a precursor
to subsequent steps aimed at investigating which public middle schools are more likely to have students
underrepresented at SPHS.

Underrepresented
Data Analysis

Data Summary / Recommendatmn
to Resulting
EDA
Dataset

Discussion and
Implementation

Qualified Data
Analysis

Figure 1. Research Steps

The analysis unfolds by examining the compositional differences between feeder and non-feeder schools, utilizing
statistical methods to assess demographic and socioeconomic disparities. Additionally, an Underrepresentation Score
is calculated for each middle school, delineating the extent of underrepresentation among specific groups.
Subsequently, middle schools with the highest underrepresentation scores are pinpointed, spotlighting areas
necessitating targeted interventions to alleviate disparities in SPHS access.

Further exploration focuses on identifying public middle schools more likely to have students qualified for SPHS.
Through K-means clustering, schools are categorized based on academic performance and pertinent features. This step
aims to unveil schools with a heightened likelihood of producing academically qualified SPHS candidates. Subsequent
analysis of the resulting clusters elucidates patterns and trends in academic performance levels among middle schools,
providing insights into factors influencing students' readiness for SPHS admissions.

The culmination of the research culminates in recommendations to PASSNYC, tailored to address identified disparities
and enhance access to specialized high schools. These recommendations encompass targeted interventions, such as on-
campus interventions at schools with high academic potential (Cluster A), awareness campaigns at schools with notable
education quality (Cluster B), and regional information sessions and workshops aimed at all schools, particularly those
clustered in areas with pronounced underrepresentation. Through these targeted strategies, the research endeavors to
foster equitable access and representation within specialized high school admissions.
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4. Result and Discussion

4.1. Exploratory Data Analysis

EDA presented in this study delves into the dynamics of the SPHS in New York City, particularly focusing on issues
of diversity and academic performance among middle school students. By examining school-level data, the analysis
seeks to offer actionable insights to PASSNYC, an organization committed to enhancing diversity among SPHS
applicants and recipients. Unlike traditional approaches that rely on biased data or predictive models, this analysis
adopts a novel perspective, leveraging exploratory analysis and unsupervised learning techniques. By dissecting the
demographic composition and academic performance of middle schools, the study aims to identify schools that
historically underrepresent certain demographics while also harboring academically qualified students likely to aspire
to SPHS admission. Through this intersectional lens, the analysis pinpoints middle schools where interventions from
PASSNYC could be most effective. The recommendations advocate for targeted strategies such as on-campus
interventions at five specific middle schools, a widespread awareness campaign across 48 schools, and the organization
of regional information sessions and workshops at three key locations. These initiatives are strategically designed to
address the multifaceted challenges surrounding access and representation within the SPHS system, thereby fostering
a more equitable and inclusive educational landscape in New York City.

4.2. Underrepresented Data Analysis

The specialized high schools in New York City are currently under scrutiny due to their perceived lack of diversity,
particularly in terms of gender, race, and socioeconomic background. Corcoran and Baker-Smith's research utilizes
sequential logistic models to highlight the underrepresentation of specific social groups, namely Black, Hispanic,
female, and low-income students, across various stages of the SPHS application process. This section utilizes
demographic data at the school level to explore the diversity issue within SPHS, with a focus on two main inquiries:
whether feeder schools, which contribute significantly to SPHS offers, exhibit distinct compositions compared to other
schools, and which public schools' students are most likely to face underrepresentation in the SPHS application process.

4.2.1. Compositional difference between feeder and non-feeder schools

In a typical year, approximately 25,000 students in New York City take the Specialized High Schools Admissions Test
(SHSAT) and apply for placement in SPHS, constituting about one-third of the total eighth-grade cohort in the city.
However, the distribution of offers among students from various middle schools is unequal, with the top 10 middle
schools accounting for a quarter of all offers in 2018. To assess whether these feeder schools, which concentrate offers,
differ in composition from other schools, density plots were utilized to analyze three key metrics: the percentage of
female students, the percentage of Black and Hispanic students, and the Economic Need Index (ENI), calculated based
on factors such as temporary housing as shown in Figure 2.
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Figure 2. Distribution of % Female Students

The analysis revealed that feeder schools and non-feeder schools exhibited similar distributions in terms of gender
ratio, with both centered around 49%. Despite gender disparities observed at various stages of the application process,
the similarity in gender ratio across schools complicates the assessment of middle school impact using solely school-
level data. Conversely, significant disparities were observed in the racial composition and economic need level between
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feeder and non-feeder schools, as depicted in Figures 3 and 4. Notably, Asian, Caucasian, and high-income students
were not only more likely to attend SPHS but also originated from middle schools with a higher proportion of Asian
and Caucasian students and lower economic need.
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Figure 3. Distribution of % Black and Hispanic Students
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Figure 4. Distribution of Economic Need Index

These compositional disparities, along with the widespread distribution of the latter two metrics, underscore the
socioeconomic and racial segregation inherent in New York City's public school system. Such disparities are
perpetuated by social prejudices and discriminatory policies, further contributing to societal divisions. In the
subsequent section, the ENI and racial composition metrics will be utilized to calculate a scaled score, aiding in the
measurement of the likelihood that students from a particular middle school will be underrepresented at SPHS.

4.2.2. Underrepresentation Score

The scatterplot depicted Figure 5 below illustrates a strong positive correlation (r = 0.77, p < 0.01) between the
Economic Need Index and the percentage of Black and Hispanic students. Feeder schools, indicated by larger-sized
blue points, generally exhibit low-to-medium economic need and a lower proportion of Black or Hispanic students,
while a notable cluster of non-feeder schools (gray points) appears in the upper right corner of the plot. These non-
feeder schools predominantly consist of low-income Hispanic or Black students who are often underrepresented at
SPHS.
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Figure 5. Positive correlation between Economic Need Index and % Black and Hispanic students
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To facilitate PASSNYC's prioritization of outreach efforts based on the varying needs of students across different
schools, an Underrepresentation Score will be introduced. This score aims to quantify the likelihood of students from
a particular school experiencing underrepresentation during the SPHS application process. Calculated as the scaled
Euclidean distance between each school's data point and the origin, the Underrepresentation Score ranges from 0 to 1.
A score closer to 1 indicates a higher level of underrepresentation at SPHS. For a comprehensive list of middle schools
with their corresponding Underrepresentation Scores, please refer to Table 1 in the appendix.

4.2.3. Middle schools with the highest underrepresentation scores

In order to maximize the impact of PASSNYC's efforts, it is crucial to pinpoint the middle schools most likely to be
underrepresented at SPHS and strategically allocate resources accordingly. As such, the subsequent analysis will
concentrate on the top 25% of middle schools exhibiting the highest Underrepresentation Scores, comprising 121 out
of the 482 middle schools with available demographic data as shown in Figure 6. Notably, none of these 121 schools
had more than five students admitted to SPHS in 2018. The provided table details information on these 121 schools,
arranged in descending order based on their Underrepresentation Scores. Refer to the appendix for a comprehensive
list of middle schools alongside their corresponding Underrepresentation Scores. Remarkably, the top 25% of schools
with the highest Underrepresentation Scores span across 20 out of the 32 school districts in New York City, with
districts showcasing higher index scores generally harboring a greater proportion of underrepresented middle schools.

Top 25% Underrepresented Schools Other Schools
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Figure 6. School Breakdown and Underrepresentation Score by District

4.3. Analysis Qualified Data Analysis

SPHS in New York City have a rich tradition of catering to the educational needs of students with exceptional academic
or artistic abilities. Admission to eight out of nine SPHS is primarily determined by performance on the Specialized
SHSAT, which evaluates proficiency in English and Math. Given the pivotal role of SHSAT in securing placements in
these prestigious institutions, it is presumed that students from middle schools with robust academic performance are
more inclined to seek admission to SPHS. Consequently, this section will concentrate on academic performance,
specifically aiming to address one key question through the utilization of k-means clustering: which non-feeder schools
exhibit education quality and academic performance levels akin to those of feeder schools?

4.3.1. K-means Clustering and Features Used

In this section, we utilize the k-means clustering algorithm, an unsupervised learning technique, to investigate the
academic characteristics of non-feeder schools in comparison to feeder schools. Building upon the conclusion drawn
in the previous section that feeder schools exhibit distinct compositions from non-feeder schools, our focus shifts to
identifying non-demographic features that could render non-feeder schools academically similar to feeder schools. The
analysis encompasses various indicators, including New York State annual test results such as the percentage of eighth
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graders scoring at each level in Math and English Language Arts (ELA) tests, as well as the average scale scores for
these subjects. Additionally, data from the New York City Department of Education's annual quality review,
encompassing measures of rigorous instruction, collaborative teaching practices, supportive environments, effective
school leadership, strong family-community ties, and trust, are examined. Other factors under consideration include
average student attendance rates, chronic absenteeism rates, pupil-to-teacher ratios, and average class sizes. By
leveraging k-means clustering, we aim to identify non-feeder schools that demonstrate academic similarities to feeder
schools, thereby shedding light on potential pathways to enhancing academic preparation and opportunities for students
from underrepresented backgrounds.

4.3.2. K-Means Clusters

Utilizing the elbow method based on within-cluster sum of squares, the analysis identified three as the optimal number
of clusters. Employing the k-means algorithm and utilizing the 20 listed features, 472 middle schools with available
non-demographic data were partitioned into three distinct clusters showcasing varying levels of academic performance,
as depicted in Figure 7 the subsequent scatterplot. Notably, Cluster A emerged with over 60% of its middle schools
categorized as feeder schools, indicating that these institutions had more than five students accepted by SPHS in 2018.
Furthermore, Cluster A exhibited the highest mean scores in state-wide ELA and Math examinations, both recognized
as robust predictors for students' performance in the SHSAT. Leveraging the cluster labels assigned to each middle
school based on non-demographic features, the analysis proposes an inference regarding the likelihood of a given
middle school to have students qualified for SPHS.

K-means Clusters
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Figure 7. K-Means Clusters Result

Note: Cluster A is deemed the most probable; Cluster B somewhat likely; and Cluster C least likely to have students qualified for
SPHS admission.

4.4. Recommendation to Resulting Dataset

4.4.1. Recommendation 1: On-campus intervention at 5 schools in Cluster A

In Cluster A, which comprises middle schools most likely to have students qualified for SPHS, 5 schools from the top
guantile of the Underrepresentation Score are identified as shown in Figure 8. Despite their potential, none of these
schools had more than 5 students accepted by SPHS in 2018. Thus, it is crucial to prioritize on-campus interventions
at these schools to ensure that students benefit from services provided by PASSNYC and its partners. The
recommended interventions include organizing on-campus information sessions to engage parents and students,
assigning volunteers to address questions and assist with the application process, and facilitating access to test
preparation resources through recruitment and matching processes. Additionally, on-campus test preparation
workshops or tutoring sessions should be organized to enhance students' readiness for the SHSAT.
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Figure 8. K-means Clusters for Top 25% Middle Schools with the Highest Underrepresentation Scores

4.4.2. Recommendation 2: Awareness campaign at 48 schools in Cluster B

Cluster B encompasses 48 middle schools with notable education quality and academic potential. To increase
awareness about the SHSAT and SPHS within this cluster, an awareness campaign is recommended. This campaign
could involve distributing informational flyers, sending physical mails or emails to teachers, parents, and students, and
conducting outreach activities to disseminate essential information about the application process and available
resources.

4.4.3. Recommendation 3: Regional information sessions and workshops at 3 locations

An analysis of the geographic distribution of public middle schools in New York City highlights three prominent
locations: Harlem, Bronx, and Brooklyn (Broadway Junction), which are characterized by a high proportion of Black
and Hispanic residents as shown in Figure 9. Given this clustering and the historical impact of residential segregation
on education and household income, it is proposed that PASSNYC organize regional information sessions and
workshops at these locations. These sessions would aim to boost awareness of the SHSAT and SPHS, assign volunteers
to provide guidance and support to parents and students, and facilitate access to regional test preparation workshops
tailored to the needs of the communities. This targeted approach ensures that resources are effectively allocated to
address the specific challenges faced by schools in these geographic clusters.
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Figure 9. Locations of Middle Schools
Note: Circles = Public Middle Schools; Markers = Specialized High Schools

5. Conclusion

This research delineates the intricacies of the educational landscape in New York City, focusing on the compositional
disparities between feeder and non-feeder middle schools as well as the levels of representation among students in
SPHS programs. Data analysis indicates that while there are several middle schools that produce academically qualified
students for SPHS, significant disparities persist in the representation of certain social groups, such as Black, Hispanic,
female, and low-income students. These findings underscore the importance of targeted interventions to enhance
accessibility and representation in SPHS, with recommendations for awareness campaigns in specific schools, regional
information sessions, and direct assistance in schools with high academic potential but low representation in SPHS.
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Thus, the research provides valuable insights for organizations like PASSNYC in designing more effective intervention
strategies to address disparities in access and representation in these prestigious higher education institutions.

Within the context of available data limitations, this study also emphasizes the necessity of a holistic approach in
understanding the educational challenges in New York City. The findings highlight the importance of considering
factors such as demographic composition, educational quality, and geographic location in designing effective
intervention strategies. By providing specific and measured recommendations, this research offers a deep insight into
the potential improvements that can be achieved through collaboration between non-profit organizations, educational
institutions, and local governments. In conclusion, this research not only provides a better understanding of the
dynamics of education in New York City but also lays a strong foundation for collaborative efforts aimed at enhancing
equality of access and representation in prestigious higher education institutions in the city.
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