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Introduction 

In recent years, financial education has come to the forefront of state education policy 

debates. Stakeholders increasingly recognize that equipping students with financial skills is 

essential for their financial future and a productive national economy (Mandell & Klein, 2009). 

As of March 2025, twenty-six states mandate students to take a full semester course dedicated to 

financial education as a high school graduation requirement - a considerable increase from zero 

states in 2008 (Ramsey Solutions, 2023). However, the momentum to mandate financial 

education in high schools has outpaced curriculum writers in their efforts to make it effective. 

For example, Kaiser and Lusardi (2024) find that most financial education programs do not 

affect long-term financial behavior (Kaiser & Lusardi, 2024). Similarly, Cole and colleagues 

found that additional math courses had superior effects on students’ long-term financial behavior 

(Cole et al., 2015). Since the efficacy of financial education depends on the curriculum quality 

and comprehensiveness, the studies above raise concerns regarding the holes in financial 

education. These gaps in financial education are difficult to identify with manual inspection. 

Without comprehensive data on the overlooked learning objectives in education, 

curriculum writers cannot improve the quality of financial education. This study compares state 

learning objectives to the Council for Economic Education’s national recommendations to 

identify the gaps in curriculum nationwide. Plugging these overlooked gaps will allow legislators 

and curriculum writers to improve student education. With a Natural Language Processing (NLP) 

framework, the researcher can systematically identify the semantic similarity between learning 

objectives, automating educational standards review (Fanni et al., 2022). The NLP framework 

paves the way for an objective and efficient approach to improving financial education, so that 

students nationwide can manage all financial matters in adult life. 
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Literature Review 

American high schools aim to equip students with the required skills to handle adult life. 

Among these skills, financial literacy stands out as the cornerstone for future success. First 

defined by The Jump$tart Coalition, financial literacy is the “ability to use knowledge and 

objective skills to manage one’s financial resources effectively for lifetime financial security” 

(Sherraden, 2010). Based on this definition, effective courses should enhance understanding of 

financial topics immediately after implementation and guide individuals to grow and protect their 

assets throughout life. Many researchers have acknowledged that several factors contribute to a 

program’s long-term impact on a student’s financial behavior. For example, Wager and 

colleagues find that financial education programs that are shorter than seven weeks have 

significantly less impact on students’ positive financial behavior months after implementation 

(Wagner & Walstad, 2018). More importantly, researchers Lusardi and Mitchell found that 

programs offering a comprehensive curriculum perform significantly better than those focusing 

on a single topic. Specifically, they found an improvement in essential real-life skills such as 

regular savings habits, positive investment decisions, and debt avoidance (Lusardi & Mitchell, 

2011).  

Since new developments in mobile payments, financial technology, identity theft, and 

philanthropy have changed the nature of financial education, the necessity to create 

comprehensive curricula has become apparent  (Au & Kauffman, 2008). Nonetheless, mandated 

financial literacy programs throughout the states fail to cover modern financial products and to 

prepare students for the new complexities of adult life (Heath, 2016). If high schools are to 

effectively prepare students for developments in real-world finance, then adjusting the 

curriculum is just the first critical step.   
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Importance of Financial Literacy Education 

Legislators often question the importance of courses exclusively dedicated to financial 

education, particularly when compared to additional math courses or briefly covering finance in 

other subjects (Cole et al., 2015). For example, a meta-analysis of educational initiatives in 

America by the National Bureau of Economic Research (2001) indicated that these programs 

positively impact future saving rates (Kaiser et al., 2020). In contrast, meta-analysis from the 

National Endowment for Financial Education showed that financial interventions only explain 

0.1% of the variance in financial behavior (Fernandes et al., 2014). 

Some researchers attribute this heterogeneity in results to education intensity and 

delivering financial education at the “teachable moment” (Kaiser & Menkhoff, 2017). Other 

researchers suggest a more straightforward rationale: financial education, like any other 

mandated course requirement, cannot function to its full capability without quality 

implementation.  

Other than education itself, several structured studies have found an individuals' 

financial literacy to be a strong indicator of their financial standing. Lusardi and Tufano found 

that those with low levels of financial literacy are more likely to have debt problems (Lusardi & 

Tufano, 2009) Similarly, Lusardi and Mitchell found those with higher levels of financial 

literacy tend to have more assets, superior debt management, and better quality of life in 

adulthood (Lusardi & Mitchell, 2011). Therefore, financial literacy education should not be 

discounted entirely, but revisited and made more comprehensive, so students may acquire 

literacy and effective financial behavior. Unfortunately there is no existing data into the gaps in 

financial education. However, if researchers can identify the overlooked topics in financial 

education then the process to improve curriculum can be replicated nationwide. 
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The Gap in Financial Education Research 

​ While much of the existing literature has focused on the efficacy of education or the 

need to improve it, few studies systematically identify the missing learning objectives in states’ 

curricula. Generally, states with a limited budget do not have the resources to continuously 

update their curriculums to national standards as the process requires a committee of 

professionals and months of work (The Curriculum Bridge, 2025). Thus, while other standards 

exist, such as those made by the National Financial Educator Council, The Council for 

Economic Education (CEE) has had the most thorough development and national recognition 

(Bosshardt & Walstad, 2014). The CEE is a nationally recognized, nonpartisan organization that 

developed the National Standards for Personal Financial Education. Without a national dataset 

comparing state learning objectives of financial literacy education with CEE’s national 

recommendations, state financial curriculum writers cannot find the gaps in the curriculum 

(Kasman et al., 2018). How can financial education be improved if the populace cannot specify 

the material being taught? 

​ Previously, manual alignment was the norm for improving this curriculum. One notable 

concern, however, is that this process takes months and is subject to human mistakes and 

subjective interpretation (Henning & Johnston-Rodriguez, 2018). Manual alignment requires 

the formation of a committee of professionals. However, educational researchers and 

policymakers typically have limited time, resulting in limited to no efforts to improve 

curriculum quality (Fessler et al., 2019).  

Natural Language Processing, a subsection of artificial intelligence, offers a scalable, 

unbiased, and unexplored solution to measuring the nuanced content coverage of state financial 

education documents (Gruetzemacher, 2022).  
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Natural Language Processing (NLP) as a Scalable Solution 

​ Researchers have acknowledged the need to improve education without the limitations 

of manual methods across multiple subjects. Of the automated methodologies for examining 

educational documents, natural language processing has stood out because of its potential to 

identify key ideas, learning goals, and depth of coverage for financial literacy topics (Sushree 

Bibhuprada B. Priyadarshini et al., 2020). Multiple studies demonstrate the capabilities of 

natural language processing in educational research.  

​ To find gaps in 15 US history textbooks throughout Texas, Lucy et al. used three natural 

language processing techniques: lexicons, word embeddings, and topic models. They found that 

Latinx people and women were virtually absent from textbook material, and white men were 

continuously overrepresented. Additionally, they found word embeddings to be the most 

effective methodology (Lucy et al., 2020). 

​ Similarly, Gregory Camilli utilized word embeddings to quantify semantic sentences 

meaning alignment between Common Core State Standards and the 2026 item specifications of 

the National Assessment of Educational Progress (NAEP) in grade four mathematics (Camilli, 

2024). While Camilli's work embedded 5000 educational objectives, the process took less than 

twenty minutes and used free open-source code with a 90% accuracy rate. 

​ To date, there are no datasets quantifying the overlooked topics in financial education, 

and there have been no documented attempts by researchers to create one using natural 

language processing. Logically, since NLP has worked in educational contexts, it can improve 

financial education. Ultimately, this scalable solution will help this research paper discover the 

most overlooked learning objectives on a state-by-state basis and nationwide, and this data can 

improve financial education in classrooms across America. 
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Method 

​ This method section aims to answer the question, “What high school financial 

education learning objectives are overlooked on a state-by-state basis as compared to national 

recommendations?” To answer the research question, this study follows the methodologies of 

Lucy et al. (2020) and Camilli (2024). Specifically, the use of natural language processing word 

embeddings that quantify semantic similarity between educational content. This project 

modified OpenAI’s semantic similarity guide code and open-source code for this research 

question, which can be viewed in the appendix for transparency, reproducibility, and future 

scholarly advancement. 

​ The image below—Figure 1—details the final product workflow for this research paper 

after many inquiry choices. The progression of these led to the selection and modification of the 

NLP text embeddings workflow.  

Figure 1 - NLP Workflow for Measuring Alignment Between Learning Objectives 
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Inquiry Choices That Led to The Natural Language Processing Workflow 

The researcher considered multiple methodologies to quantify alignment between 

state-mandated high school financial literacy learning objectives and national 

recommendations. Initially, the researcher would manually use the Youth Financial Education 

Curriculum Review tool, developed by the Consumer Financial Protection Bureau (Youth 

Financial Education Curriculum Review Tool | Consumer Financial Protection Bureau, 2023). 

However, the tool is intended for committees composed of curriculum designers, policy 

professionals, and financial literacy experts, and each review session was estimated to take four 

or more hours per group. After the PDF collection phase, there were 5,000 learning objectives 

to be inspected, which would be impossible to do in the time frame of this course. It became 

evident that a more scalable, consistent, and objective method was necessary. 

The study first explored Latent Dirichlet Allocation (LDA), a standard topic-modeling 

algorithm. However, LDA is better suited for finding overlooked (latent) topics rather than 

comparing alignment between two sets of structured documents (Vayansky & Kumar, 2020). 

Then the researcher considered Term Frequency–Inverse Document Frequency 

(TF-IDF) as it can assign relative importance to terms within a document. Yet, TF-IDF treats 

words as isolated units and does not understand contextual or semantic relationships between 

concepts such as “credit risk” versus “credit report” (Christian et al., 2016). This limitation 

made it unsuitable for high-fidelity alignment between detailed educational objectives. 

Recognizing these constraints, the researcher adopted a vector-based semantic approach using 

OpenAI’s text-embedding-ada-002 model. This model converts each learning objective into a 

1536-dimensional vector that captures its contextual meaning, allowing for robust and 

mathematically sound comparisons using cosine similarity.  
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PDF Collection 

The first half of the methodology section focuses on preparing text for the OpenAI model 

to analyze, as shown in Figure 1 above. The first step in this process is to find relevant, accurate, 

and organized documents for the OpenAI model. Logically, a curriculum for a full-year course is 

more comprehensive than a single unit integrated into a math or social studies course. To make 

this apples-to-apples comparison, the researcher omitted states that do not mandate courses 

entirely dedicated to financial education (Bernheim et al., 2001). This criterion led to the 

selection of the following twenty-six states: Alabama, California, Connecticut, Florida, Georgia, 

Indiana, Iowa, Kansas, Louisiana, Michigan, Minnesota, Mississippi, Missouri, Nebraska, New 

Hampshire, North Carolina, Ohio, Oregon, Pennsylvania, Rhode Island, South Carolina, 

Tennessee, Utah, Virginia, West Virginia, Wisconsin. 

State PDFs were downloaded from Banzai because documents are up to date and 

organized in neat rows and columns, which is optimal for simplistic NLP processing (Life 

Literacy Courses: Align Education & State Standards, 2025).  

As for the national benchmark, this research paper uses the personal finance standards of 

education recommended by the Council for Economic Education (CEE) because they are the 

most comprehensive, nationally recognized, and highlight the importance of weighing the 

benefits and costs of a decision rather than telling student how to think or operate (Bosshardt & 

Walstad, 2014). Overall, these standards offer a clear cornerstone for policymakers and educators 

to evaluate the usefulness of financial education curricula. Moreover, aligning a state's standards 

with CEE recommendations can increase the possibility that students will get a comprehensive 

financial education, equipping them with essential skills for long-term financial independence 

(Olsen, 2017). 
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Text Extraction and Preprocessing 

The second step in natural language processing is to turn extracted PDF documents into 

machine-readable text. However, not all texts are focused on financial education. For example, 

introduction pages typically outline how a document should be utilized and by whom the 

document was developed. Thus, these pages are omitted from comparison. Moreover, there is a 

crucial difference between standards of education and learning objectives. The CEE focuses on 

six financial umbrella topics: Earning Income, Spending, Saving, Investing, Managing Credit, 

and Managing Risk. Each umbrella topic has education standards, which are broad ideas. 

Specifically, each standard has two to four specific learning objectives focusing on key 

financial concepts and skills. This research paper only used the Python library PyMuPDF (fitz) 

and pandas data frame to extract and organize learning objectives (see the appendix for full 

code documentation). The data frame was organized in a JSON document, a prominent 

text-based approach to structure data that can be sent to embedding models (Lee et al., 2021). 

Following Camilli’s (2024) and Lucy et al. (2020) methodologies, the researcher then 

processed the CSV file through tokenization, lemmatization, and stopword removal (Siino et 

al., 2024). Typically, by removing punctuation, irrelevant formatting, and other noise, the NLP 

analysis can efficiently capture the intended context of text. However, tokenization splits terms 

such as “stock market” into separate words “stock” and “market.” To maintain the semantic 

meaning of these phrases, multi-word financial terms like “credit_score” or “stock_market” are 

treated as single semantic units with underscores. Therefore, this study differs from Camilli and 

Lucy et al.’s methods by retaining the meaning of multi-word financial terms. This process 

reinforces the model’s accuracy as the semantic meaning of two individual words is vastly 

different from the combined meaning of a phrase (Chai, 2022). 
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Text Embeddings 

The purpose of preprocessing text is so that the embedding model can efficiently and 

accurately create vectors representing each learning objective’s meaning. For example, the word 

“bank” could represent the side of a river or a financial institution. Vector embeddings use 

context words such as “money” or “water” to identify the topic as either a river or a financial 

institution (Aiken, 2023). The researcher chose to use OpenAI’s embedding model as it 

understands the nuanced meaning of various topics and avoids the strenuous local model training 

of alternatives such as the “BERT” (Kalyan, 2024). The figure below shows the conversion of the 

learning objectives as JSON files into embedded vectors. 

Figure 2 - Learning Objective Embedding Process 

One significant difference to Camilli’s research is that this paper revises the embedding 

model from “text-embedding-3-large” to “text-embedding-ada-002.” The researcher chose the 

latter application programming interface (API) because the large model is for entire textbooks, 

which would be out of scope for this project, focusing on three to eight-page documents. Then, 

the embedded vectors are compared with various methods to determine semantic similarity, 

which, once interpreted, allow for the quantitative representation of how a state’s learning 

objectives align with national standards. This process adequately addresses the gap in the 

research by providing an updated method to measure alignment in financial education and by 

creating a dataset that quantifies the overlooked topics in financial education. 

10 



 

Cosine Similarity Computations 

After the text-embedding-ada-002 model creates embedded vectors, the next step 

involves calculating their similarity. While these calculations were made through the Python 

interface (fully documented in the appendix), this paper represents the computations as 

mathematical notation for research replication purposes.  

Let  represent the set of state financial literacy learning objectives, and let 

 represent the set of national learning objectives from the Council for 

Economic Education. Each learning objective is embedded as a 1536-dimensional vector, and the 

figure below shows the transformation of learning objectives into vector quantities through the 

function F(⋅). 

Figure 3 - Numerical Representation of Embedding Function F(⋅). 

Initially, Euclidean distance was considered for measuring alignment between state and 

national learning objectives. However, after initial trials, it became apparent that this metric 

exaggerated dissimilarity because the CEE document was considerably larger than the state 

curriculum documents. Thus, cosine similarity scores were utilized to quantify alignment 

between state and national  learning objective vectors as they are more accurate for 

disparate document lengths (Qian et al., 2004). The figure below illustrates the vast disparity 

between Cosine Similarity and Euclidean Distance and the cosine formula. 

Figure 4 - Numerical Representation of Embedding Function F(⋅) 

11 



 

Post Processing 

The post processing phase is essential in order to understand the cosine similarity scores 

created by the Python algorithm. After the embedding model matches each pair of cosine 

similarity scores, the Python script function scipy.spatial.distance.cosine calculates cosine 

similarity (Gunawan et al., 2018). Each national learning objective was matched to the highest 

cosine similarity counterpart in the state document, even if duplicates occurred. Then, using the 

function df.to_csv(cosine_similarity_scores.csv), the data frame of cosine similarity scores can 

be converted into a comma-separated values (CSV) file. This file was imported into Google 

Sheets with 5337 rows. Two of the rows out of 5337 are shown for reference. 

Figure 5 - Exported CSV file 

​ The researcher organized the cosine similarity scores with the google sheets function 

=INDEX(data) to create two tables: the first focusing on state-by-state analysis and the second 

focusing on nationwide analysis. For the nationwide analysis, the function =MEDIAN(data) 

found the median cosine similarity score for a single learning objective across all states (Osborne 

& Overbay, 2004). The researcher used the median instead of the mean (average) because the 

mean can be distorted by outliers. Thus, the median is a more accurate representation of the 

population. Then, functions =SMALL(data, n) allowed the researcher to find the smallest cosine 

similarity scores, which represent the most overlooked learning objectives.   

Finally, the researcher created twenty-seven separate graphs. The first twenty-six graphs 

showed the five lowest cosine similarity scores for each of the twenty-six states. Most 

importantly, the twenty-seventh graph showcased the five lowest cosine similarity scores 

nationwide. Overall, these graphs answered the overarching research question. 
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Robustness Check 

To estimate the proportion of correct cosine similarity scores, the researcher used a 

one-sample z-interval for proportions. Z-intervals are the industry standard in Advanced 

Placement Statistics textbooks and data analysis (Singh & Masuku, 2014). To estimate the 

accuracy rate of the cosine similarity scores, the researcher randomly selected a sample of 100 

cosine similarity scores with the TI-84 calculator’s random integer function RandInt (1, 5357, 

100). This 100-sample subset is selected to capture a representative mix of financial topics (e.g., 

saving, credit, investing), varied linguistic complexity, and standards from multiple states. All 

data was moved to a separate Google sheet document, and each of the 100 cosine similarity 

scores was then examined for authenticity. Then, cosine similarity scores were inspected, with 

accurate scores receiving the value of 1 and inaccurate scores receiving the value of 0. The 

figure below shows this process.  

Figure 6 - Estimating Accuracy of Cosine Similarity Scores with Z-Interval 

​ The researcher followed industry standards using the TI-84 calculator to input the x and 

n values to compute the confidence interval, which estimates the proportion of accurate 

similarity ratings in the entire data set of 5357 learning objectives. This manual validation step 

saves time as each of the 5357 learning objectives does not need to be inspected while 

supporting credibility, which is crucial for policy recommendations in the implications section. 
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Results 

The most crucial finding in this research paper is the accuracy of the natural language 

processing model. This model compared semantic similarity between 5357 learning 

objectives - a task that, twenty years ago, would have required a committee of teachers and 

financial professionals because of the nuance in each term. Across the 100 randomly sampled 

cosine similarity scores, 83 of them were deemed accurate by the researcher. When 

implemented into the Z-proportion, this statistic created an interval of [0.756, 0.903]. Thus, 

this paper has statistical evidence that with 95% confidence, the proportion of accurate cosine 

similarity ratings is between 75% and 90% (O’Brien & Yi, 2016). 

The high accuracy of the model showcases the tool's efficacy in improving financial 

education. The simple random sample (n=100) of all learning objectives is listed in Appendix 

D. As shown in Appendix A or Figure 7, the five most overlooked learning objectives all 

have cosine similarity scores near zero (the full list of data is analyzed in Appendices A-C). 

These learning objectives had median cosine scores across all states lower than 0.2, 

indicating a minimal alignment to national financial education benchmarks. 

Median Cosine 
Similarity Score 

Top Five Overlooked 
Learning Objectives Nationwide 

0 
12-6c. Define key rental contract terminology, including lease term, 

security deposit, grace period, and eviction.  

0.09 
12-4c. Discuss possible explanations for the persistence of race and gender 

pay gaps. 

0.14 
12-11b. Investigate the effects of bankruptcy on assets, employment, and 

future access to credit. 

0.16 

12-2a. Select a preferred location for a savings account based on 
comparison of interest rates and fees at different types of financial 

institutions. 
0.16 12-7b. Compare the expense ratios for several mutual funds. 

Figure 7 - The Five Most Overlooked Learning Objectives Nationwide 
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Overlooked Learning Objectives on a Category-by-Category Basis 

​ The twenty-six states in our dataset had nuanced disparities, but this diagram focuses on 

the general trends to conduct a state-by-state analysis. First, the researcher separated all 

learning objectives into the six broad categories listed by the CEE. Then, the semantic 

similarity of each category from zero to one, compared to the CEE document, is visually 

represented on a color graph, with lighter shades of blue indicating lower similarity and darker 

shades indicating higher similarity. Figure 7 shows the color gradings of each state in the six 

main financial education categories.  

Figure 8 - Learning Objectives Separated into Six Categories 

This graph shows intense dark squares in California, Connecticut, Kansas, and Rhode 

Island, which are close partners with the CEE. Nonetheless, investing learning objectives are 

overlooked not only in most states but even in those directly partnering with the CEE. These 

results suggest that significant improvements should be made to improve the curriculum, as the 

general trend showed scores of around 0.5. Most notably, investing is the least represented topic 

across the board in financial education, while earning income is stronger. These results suggest 

a redistribution of resources to improve curriculum comprehensiveness.  
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Overlooked Learning Objectives on a State-by-State Basis 

​ The most valuable results of this paper involve the clear classification of the overlooked 

learning objectives on a state-by-state basis. The first key observation is that states Alabama, 

Indiana, and Michigan all have cosine similarity scores of zero for the learning objective 

“Complete IRS Form W-4.” This finding raises the question regarding the discussion of taxes in 

classes. Another key trend existed in states Minnesota, Missouri, and Tennessee; these had 

similarity scores of zero for “explain the role of federal regulators in financial markets.” The 

absence of knowledge regarding the SEC, FINRA, or CFPB reduces investors confidence in 

investment vehicles and overall market participation (Pan, 2012). Thus, the lack of these learning 

objectives not only hurts the students but also the market economy. Lastly, the absence of 

coverage regarding mutual funds, CDs, the S&P 500, and loan agreements across states aligns 

with general findings in the category-by-category analysis, showing investment learning 

objectives to be underrepresented across the dataset. 

 
Figure 9 - Overlooked Learning Objectives State-by-State 
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Limitations 

The first pertinent limitation was the pitfalls of semantic similarity. Some text 

embedding models yield cosine high similarity scores because of identical vocabulary. For 

example, “I like rainy days because they make me feel relaxed” and “I do not like rainy days 

because they do not make me feel calm” return a cosine similarity score of 0.993 using the API 

model distilbert-base-uncased (Face, 2021). The OpenAI model may not be able to capture the 

negative or affirmative nature of sentences. Thus, two learning objectives can be closely related 

in the vector space yet opposites regarding meaning. Nonetheless, in this research paper, 

opinions on positive financial behavior are rarely opposite across documents. Thus, semantic 

understanding, just like human error, is a strong limitation to the paper's findings.  

The general-purpose NLP model embedding-ada-002 by OpenAI is to be 

domain-adaptable (Nussbaum et al., 2024). However, the accuracy of this model can degrade 

when focused on a specialized field such as financial education.  Consequently, the researcher 

implemented a domain-specific text file of financial terms during the first preprocessing portion 

of the method section. By connecting financial terms with underscores, the researcher retained 

the meaning of phrases such as “stock_market.” The general-purpose embedding model 

embedding-ada-002 is not as effective as a finance-specific benchmark. Specifically, through 

regression analysis, Tang & Yang (2024) found that the Finance Massive Text Embedding 

Benchmark (FinMTEB) had an error rate that was 10% less than standard ChatGPT mini 

embedding software (Tang & Yang, 2024). The general-purpose embedding model may have 

overlooked more domain-specific topics in financial education, creating a less accurate cosine 

similarity score and selecting overlooked and overrepresented topics in financial education. 

Thus, to fix this limitation, researchers should adopt a more domain-specific model. 
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Input Length Sensitivity and Interval Conditions 

The input length sensitivity of the embedding model was a strong limitation to the 

cosine similarity score accuracy interval of 75% to 90%. Embedding models are designed to 

handle variable input lengths from multi-page documents to a single financial learning 

objective, which typically is a short phrase or sentence. In the preprocessing for natural 

language processing, the researcher used tokenization, stopword removal, and lemmatization 

(Smelyakov et al., 2020). Specifically, stopword removal or the removal of words such as 

“the,” “a,” and “is” may have been an unnecessary preprocessing step. This could have 

resulted in the discarding of critical information in the semantic meaning of a phrase (Kaur & 

Buttar, 2018). This process is typically done for entire textbooks, not single sentences, so it 

was unnecessary for this paper. 

The last important limitation to mention is that effective proportion estimation with 

statistical analysis satisfies three key conditions: there being a simple random sample, each unit 

being independent from another unit, and the population data having approximate normality 

(Singh & Masuku, 2014). The cosine similarity scores, when plotted, are right-skewed, with a 

visible peak near the 1.0 mark, indicating a large cluster of perfectly aligned standards. 

Therefore, the interval could indicate an inflated proportion of correct similarity scores. 

Figure 10 - Cosine Similarity Score Plotted with Strong Visible Peak 
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Implications 

The previous sections, supported by Appendices A-C, all have substantial implications 

for artificial intelligence research, policy, and curriculum development. In contrast, Appendices 

E-F document the model for reproducibility and Appendices G-H represent my use of findings. 

Understanding where the curriculum lacks allows individuals to improve financial 

education and, as a result, financial behavior. Overall, this research paper discovered what 

learning objectives were overlooked state-by-state, with 75% to 95% accuracy. The larger 

understanding presented is that we don't just need more financial education - we need higher 

quality financial education. 

This study has notable value to the body of AI model literature, expanding on NLP’s 

relevance to how we optimize education research. The critical implication is that this paper 

validates the use of the text-embedding-ada-002 model in large corpora text comparisons, 

expanding on the work of Lucy and colleagues who showed that work embeddings can be used 

to assess semantic coverage in historical context (Lucy et al., 2020). Moreover, the results 

validate the concerns of Tang and Yang as they established that general-purpose models 

encounter occasional errors (Tang & Yang, 2024). They suggest the use of Finance Massive 

Text Embedding Benchmark (FinMTEB) as its accuracy outperforms general models when 

comparing similar vocabulary (avoid credit vs establish credit). Because this model experienced 

occasional errors with similar vocabulary, it can be established that AI tools should be used 

with transparency, as they are not completely accurate. These findings support the general push 

to a more responsible and ethical interpretation of policy-relevant machine learning findings. 

Most importantly, this research provides a scalable pipeline for financial education research and 

a modern approach to financial education policy. 
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Policy Implications 

Another facet implication for this project is to move away from the method and to look 

towards the dataset itself. By systematically identifying bills in progress with the use of the Next 

Generation Personal Finance “Bill Tracker,” the researcher - or any other individual - can sort by 

active bills across all states (Next Gen Personal Finance, 2025). Then, the researcher will 

identify the right audience for writing a letter to support or oppose legislation, which can be 

found at OpenStates.org. Additionally, state treasurers often have an influential voice in financial 

education and will be considered for emailing as well (National Association of State Treasurers, 

2025).  

Following this logic, the researcher shared research findings to representatives Darly 

Campbell and Dan Daley. They are advocating for a new HB 737 bill in Florida which could add 

“career readiness and financial education” enhancements to grades 9-12  (The Florida Senate, 

2025). This paper proposes to explicitly mention the overlooked learning objectives in 

Appendices A-C in HB 737. For example, Florida is one of the many states that overlooked key 

lease agreements and bankruptcy learning objectives. Most college students participate in a dorm 

agreement or lease agreement, and the absence of education in this process can lead students to 

be unaware of possible hidden fees or rising interest rates (Sotomayor et al., 2022). The lack of 

education on lease agreements and bankruptcy means students can face eviction because they 

failed to understand the grey areas in lease contracts (Cunha, 2025). Thus, a key policy change in 

Florida would be to explicitly mention bankruptcy and lease agreement topics as a topic in high 

school classrooms, so students can avoid hidden fees that can lead to bankruptcy (Furth-Matzkin, 

2017). Similar to how US History textbooks were updated for the COVID-19 pandemic, the 

constantly updating nature of financial instruments and practices requires a modern curriculum. 
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Systemic Inequality and Future Research 

Curriculum content plays a major role in students' perceptions of the larger social and 

cultural historical narrative in America (Sjölund Åhsberg, C, 2024). The absence of coverage 

regarding key parts of American society will affect how students see and behave in the world, 

so overlooking key parts of curriculum limits an individual's understanding of their financial 

history. In the paper by Lucy and colleagues, Women and Latinx groups were repeatedly 

overlooked in their dataset of 15 Texas US History textbooks (Lucy et al., 2020). Similar to 

Lucy’s findings, this study shows that the learning objective “discuss possible explanations for 

the persistence of race and gender pay gaps” is the second most overlooked across the entire 

dataset. Historically, communities of color and lower income households have been the subjects 

of predatory lending, redlining, and low credit access (Nier & St. Cyr, 2010). Therefore, the 

lack of discussion regarding this key part of American History is concerning as they have been 

systematically excluded from wealth-building opportunities for decades (Sjölund Åhsberg, C, 

2024). This paper’s appendices demonstrate the empirical evidence (A-D), technical 

implementation (E-F), and active impact (G-H) of natural language processing.  

The learning objectives in schools must address the populations that would most benefit 

from such literacy, and investing can be the key for most people to open the door for financial 

freedom. The topic can help those with socioeconomic struggles to develop generational wealth 

that can decrease reliance on public wealthfare systems, helping the American economy 

holistically. Still, investment learning objectives are overlooked disproportionately in 

comparison to other subject areas. We don’t need more financial education, we need the right 

financial education. Thus, it is imperative that researchers investigate natural language 

processing curriculum review models to make our curriculum as comprehensive as possible. 
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Appendix 

Appendix A - 5 Most Overlooked  Learning Objectives Nationwide 

 

Appendix B -  State-by-State Overlooked Learning Objectives 

This analysis focuses on learning objectives not previously mentioned in Appendix C. 

Additionally, this is not a full list but rather a random selection of learning objectives that have a 

cosine similarity score equivalent to zero. 
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Appendix C - Median Cosine Similarity Score for Each Learning Objective
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Appendix D - Simple Random Sample for Confidence Interval 

To show all 5000+ learning objective cosine similarity scores would require hundreds of pages 

in the document, so only the simple random sample of 100 learning objectives is provided. 
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Appendix E - Implementation and Technical Setup 

This project was developed using over 150 lines of Python code across modular functions, each 

tailored for a specific role in an NLP pipeline. The overall process included extracting financial 

literacy standards from state and national curriculum PDFs, preprocessing the text for NLP 

readiness, and then embedding these standards into high-dimensional vectors using OpenAI’s 
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text-embedding-ada-002 model. To facilitate this pipeline, the researcher leveraged open-source 

libraries, official documentation, and example code snippets from trusted developer forums 

(OpenAI, 2024; Liang, 2024). While some components were written from scratch, many 

implementations drew on widely used design patterns in the NLP community. 

In the preprocessing phase, the fitz module from (Artifex, 2019) was used to extract tables from 

PDF curriculum files. This allowed accurate parsing of state standards into a structured tabular 

form. The data was then organized with pandas and cleaned using NLTK—a standard toolkit for 

natural language processing. Preprocessing steps included lowercasing, stopword removal, 

punctuation filtering, and lemmatization using WordNetLemmatizer. Custom domain-specific 

terms (e.g., "investment_bank", "credit_score") were preserved by incorporating a financial 

glossary (financial_terms.txt). Regular expressions (re) were employed to remove extraneous 

characters such as digits and special symbols, ensuring semantic clarity. These steps mirror best 

practices in NLP as documented in guides like (Mariya Mansurova, 2024). 

Following the guide of Siladitya Ghosh in this process, embedding generation used 

OpenAI’s Embedding API with the text-embedding-ada-002 model, which encodes text into 

1536-dimensional semantic vectors (Ghosh, 2024). Embedding requests were formatted in 

JSON, allowing efficient parallel processing. Custom batch jobs were created using Python’s 

json, os, textwrap,  dedent, and string modules. For example, each entry was structured as: { 

"custom_id": "CEE-standard-01", "method": "POST", "url": "/v1/embeddings", "body": { 

"input": "text here", "model": "text-embedding-ada-002", "encoding_format": "float" } }. 

Cleaned data was also organized into dictionaries using (Collins, 2024), converting standards 

into a JSON structure suitable for further semantic alignment. Additionally, OpenAI’s was used 

in extracting learning objectives, enforcing a strict JSON schema for response validation. 
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This pipeline demonstrates a modular, end-to-end approach to educational NLP, combining 

community knowledge with domain-specific logic. Code functions like extract_table(), 

df_to_dict(), clean_text(), preprocess_pdf(), and create_batch_file() were structured to allow 

flexible reuse and systematic transformation of raw curriculum data. The final architecture 

reflects current best practices in both AI-assisted research and reproducible data science 

workflows. 

For transparency and replication, a complete repository of the code, including preprocessing 

routines, prompt schemas, glossary integration, and cosine similarity calculations, has been made 

publicly available on GitHub. Each function is documented with inline comments and example 

usage, and a sample .ipynb notebook is included to demonstrate the full workflow from PDF 

parsing to vector output and alignment scoring. 

Appendix F -  Ipynb Notebook 

# install necessary libraries 

!pip install PyMuPDF 

!pip install tools 

 

# create folders to save output 

!mkdir pdfs 

!mkdir json 
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!mkdir json_clean 

!mkdir json_embeddings 

#import necessary libraries 

import fitz 

import os 

import pandas as pd 

import string 

import re 

import json 

from text wrap import dedent 

from openai import OpenAI 

 

# NLTK for preprocessing the data 

import nltk 

from nltk.tokenize import word_tokenize 

from nltk.corpus import stopwords 

from nltk.stem import WordNetLemmatizer 
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# Download required NLTK data 

nltk.download('punkt') 

nltk.download('punkt_tab') 

nltk.download('stopwords') 

nltk.download('wordnet') 

nltk.download('averaged_perceptron_tagger') 

# load financial terms from file 

with open('financial_terms.txt', 'r') as f: 

   lst_financial_terms = f.readlines() 

 

FINANCIAL_TERMS = set([term.strip() for term in lst_financial_terms]) 

client = OpenAI(  api_key="removed for privacy reasons") 

 

# function to extract table from the pdf 

def extract_table(pdf_path): 

   # open pdf using fitz 
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   doc = fitz.open(pdf_path) 

 

   # create dataframe to save the table 

   df = pd.DataFrame() 

 

   # extract tables from multiple pages and combine into a single table 

   for page in doc: 

       tabs = page.find_tables() 

       if tabs.tables: 

           df = pd.concat([df, pd.DataFrame(tabs[0].extract())]) # combine the tables 

 

   return df 

 

# function to convert the table to the json format 

def df_to_dict(df, is_national = False): 

   if is_national: 

43 



 

       # convert the text in df column 0 to lower and remove all characters except a-z and remove 

all space characters with single space 

       df = df[~(df[0].isna() | (df[0] == ''))] 

       df.iloc[:, 0] = df[0].str.lower() 

       df.iloc[:, 0] = df[0].apply(lambda x: re.sub(r'\s+', ' ', x)) 

       df.iloc[:, 0] = df[0].apply(lambda x: re.sub(r'[^a-z ]', '', x)) 

       df.iloc[:, 0] = df[0].str.strip() 

       dct = df.groupby(0)[2].apply(list).to_dict() 

       return dct 

   else: 

       df = df.iloc[:, 2] 

       df = df.dropna() 

       dct = { 

           'standards': df.tolist() 

       } 

       return dct 
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# function to extract financial standards 

def extract_standards(dct): 

   dct_clean = {} 

   prompt = ''' 

   This list contains standards for financial literacy. 

   However, a single standard may be divided into multiple elements, 

   or multiple standards may be combined within a single element. 

   Please extract all standards accurately and return them as a list of strings. 

   ''' 

 

   for key, lst_standards in dct.items(): 

       response = client.chat.completions.create( 

           model="gpt-4o-mini", 

           messages=[ 

               { 

                   "role": "system", 

                   "content": dedent(prompt) 
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               }, 

               { 

                   "role": "user", 

                   "content": str(lst_standards) 

               } 

           ], 

           response_format = { 

               "type": "json_schema", 

               "json_schema": { 

                   "name": "standards", 

                   "schema": { 

                       "type": "object", 

                       "properties": { 

                           "standards":{ 

                               "type": "array", 

                               "items": {"type": "string"} 

                           } 
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                       }, 

                       "required": ["standards"], 

                       "additionalProperties": False 

                   }, 

                   'strict': True 

               } 

           } 

       ) 

       str_response = response.choices[0].message.content 

       dct_clean[key] = json.loads(str_response)['standards'] 

 

 

   return dct_clean 

 

# function to clean noise from text 

def clean_text(text): 

   if pd.isna(text) or text == 'None': 
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       return "" 

 

 

   # Convert to lowercase 

   text = text.lower() 

 

 

   # Remove punctuation except underscores 

   text = re.sub(r"[,\-&$@#*+]", " ", text) 

   text = text.replace('’', "'") 

   text = re.sub(r"[^a-z_.?!' ]", '', text) 

   text = re.sub(r'\s+', ' ', text) 

 

 

   # Replace financial terms with underscore-connected versions 

   for term in FINANCIAL_TERMS: 

       pattern = r'\b' + re.escape(term) + r'\b' 
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       replacement = term.replace(' ', '_') 

       text = re.sub(pattern, replacement, text) 

 

   return text 

 

# function to apply preprocessing for NLP 

def preprocess_text(text): 

   text = clean_text(text) 

 

 

   if text == "": 

       return [] 

 

 

   # Tokenize 

   tokens = word_tokenize(text) 
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   # Remove stop words 

   stop_words = set(stopwords.words('english')) 

   tokens = [token for token in tokens if token not in stop_words] 

 

 

   # Lemmatize 

   lemmatizer = WordNetLemmatizer() 

   tokens = [lemmatizer.lemmatize(token) for token in tokens] 

 

 

   return tokens 

 

 

# function to apply all the above steps to the pdf 

def preprocess_pdf(pdf_path): 

   filename = os.path.basename(pdf_path) 
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   filename_json = filename.replace('.pdf', '.json') 

   is_national = 'national' in filename 

 

 

   df = extract_table(pdf_path) 

   dct = df_to_dict(df, is_national) 

   dct = extract_standards(dct) 

 

 

   with open(f"./json/{filename_json}", 'w') as f: 

       json.dump(dct, f, indent=4, ensure_ascii=False) 

 

 

   with open(f"./json/{filename_json}", 'r') as f: 

       data = json.load(f) 
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       for key, lst in data.items(): 

           for i in range(len(lst)): 

               lst[i] = ' '.join(preprocess_text(lst[i])) 

 

 

       with open(f"./json_clean/{filename_json}", 'w') as f: 

           json.dump(data, f, indent=4) 

 

# function to create a batch file for openai embedding request 

def create_batch_file(json_folder_path): 

   lst_files = os.listdir(json_folder_path) 

   batch_file = [] 

   for fname in lst_files: 

       with open(json_folder_path + fname, 'r') as f: 

           data = json.load(f) 

           for key, value in data.items(): 

               for i in range(len(value)): 
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                   if fname == 'CEE_national.json': 

                       cid = f"CEE_national-{key}-{i}" 

                   else: 

                       cid = f"{fname[:fname.index('-')]}-{key}-{i}" 

 

 

                   batch_req = { 

                       "custom_id": cid, 

                       "method": "POST", 

                       "url": "/v1/embeddings", 

                       "body": { 

                           "input": value[i], 

                           "model": "text-embedding-ada-002", 

                           "encoding_format": "float" 

 

 

                       } 
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                   } 

                   batch_file.append(batch_req) 

   with open('./batch_request.jsonl', 'w') as f: 

       for batch in batch_file: 

           f.write(json.dumps(batch) + '\n') 

!rm -r ./pdfs/.ipynb_checkpoints 

lst_pdfs = os.listdir('./pdfs/') 

# apply preprocessing to the documents 

for pdf in lst_pdfs: 

   preprocess_pdf(f'./pdfs/{pdf}') 

 

 

create_batch_file('./json_clean/') 

batch_input_file = client.files.create( 

   file=open("batch_request.jsonl", "rb"), 

   purpose="batch" 

) 
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print(batch_input_file) 

batch_input_file_id = batch_input_file.id 

batch_request = client.batches.create( 

   input_file_id=batch_input_file_id, 

   endpoint="/v1/embeddings", 

   completion_window="24h", 

   metadata={ 

       "description": "paragraph embeddings" 

   } 

) 

 

 

print(batch_request) 

status = client.batches.retrieve(batch_request.id) 

print(status) 

file_response = client.files.content(status.output_file_id) 
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with open('response.json', 'wb') as f: 

   f.write(file_response.content) 

dct_embeddings = {} 

with open('response.json', 'r') as f: 

   for line in f: 

       data = json.loads(line) 

       cid = data['custom_id'] 

       fname, key, i = cid.split('-') 

 

 

       if 'national' in fname: 

           fname = f'{fname}.json' 

       else: 

           fname = f'{fname}-curriculum-alignment.json' 
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       if fname not in dct_embeddings: 

           dct_embeddings[fname] = {} 

       if key not in dct_embeddings[fname]: 

           dct_embeddings[fname][key] = {} 

 

       dct_embeddings[fname][key][i] = data['response']['body']['data'][0]['embedding'] 

for fname, response_content in dct_embeddings.items(): 

   data = {} 

   with open(f'./json/{fname}', 'r') as f: 

       data = json.load(f) 

       for key, lst_standards in data.items(): 

           for i in range(len(lst_standards)): 

               data[key][i] = [lst_standards[i], response_content[key][str(i)]] 

 

 

   with open(f'./json_embeddings/{fname}', 'w') as f: 

       json.dump(data, f, indent=4) 
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# create a zip file of the output folder 

!zip -r json.zip ./json 

!zip -r json_clean.zip ./json_clean 

!zip -r json_embeddings.zip ./json_embeddings 

Appendix G -  Domestic Policy Change 

With these findings, I’m actively supporting curriculum development conversations with key 

figures in financial education. Tim Ranzetta, the co-founder of Next Generation Personal 

Finance, told me that I could participate in his weekly Thursday guest speaker series. This 

opportunity will let me inform thousands of educators about my findings into the overlooked 

learning objectives in financial education, so even if their state does not mandate it, they can still 

teach the material. Additionally, policy conversation with Joel Chrisler will let me work closer 

with the Jump$tart coalition to improve financial education nationwide, as they are a close 

partner with the CEE. The Jump$tart coalition co-authored the CEE national standards for 

financial education.  

Appendix H - Personal Use of Findings 

In my high school I run a personal financial literacy club that has reached over 200 students 

across 10 events. In the club’s workshops or events, I specifically ensure that the club officers 

discuss the overlooked learning objective in classroom discussions. This process stems from the 

understanding that students need a comprehensive understanding of financial literacy for 

behavior change, so our club aims to not overlook the learning objectives in Appendix A. 
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	Introduction 
	The researcher considered multiple methodologies to quantify alignment between state-mandated high school financial literacy learning objectives and national recommendations. Initially, the researcher would manually use the Youth Financial Education Curriculum Review tool, developed by the Consumer Financial Protection Bureau (Youth Financial Education Curriculum Review Tool | Consumer Financial Protection Bureau, 2023). However, the tool is intended for committees composed of curriculum designers, policy professionals, and financial literacy experts, and each review session was estimated to take four or more hours per group. After the PDF collection phase, there were 5,000 learning objectives to be inspected, which would be impossible to do in the time frame of this course. It became evident that a more scalable, consistent, and objective method was necessary. 
	The study first explored Latent Dirichlet Allocation (LDA), a standard topic-modeling algorithm. However, LDA is better suited for finding overlooked (latent) topics rather than comparing alignment between two sets of structured documents (Vayansky & Kumar, 2020). 
	Then the researcher considered Term Frequency–Inverse Document Frequency (TF-IDF) as it can assign relative importance to terms within a document. Yet, TF-IDF treats words as isolated units and does not understand contextual or semantic relationships between concepts such as “credit risk” versus “credit report” (Christian et al., 2016). This limitation made it unsuitable for high-fidelity alignment between detailed educational objectives. Recognizing these constraints, the researcher adopted a vector-based semantic approach using OpenAI’s text-embedding-ada-002 model. This model converts each learning objective into a 1536-dimensional vector that captures its contextual meaning, allowing for robust and mathematically sound comparisons using cosine similarity.  
	PDF Collection 
	The second step in natural language processing is to turn extracted PDF documents into machine-readable text. However, not all texts are focused on financial education. For example, introduction pages typically outline how a document should be utilized and by whom the document was developed. Thus, these pages are omitted from comparison. Moreover, there is a crucial difference between standards of education and learning objectives. The CEE focuses on six financial umbrella topics: Earning Income, Spending, Saving, Investing, Managing Credit, and Managing Risk. Each umbrella topic has education standards, which are broad ideas. Specifically, each standard has two to four specific learning objectives focusing on key financial concepts and skills. This research paper only used the Python library PyMuPDF (fitz) and pandas data frame to extract and organize learning objectives (see the appendix for full code documentation). The data frame was organized in a JSON document, a prominent text-based approach to structure
	Following Camilli’s (2024) and Lucy et al. (2020) methodologies, the researcher then processed the CSV file through tokenization, lemmatization, and stopword removal (Siino et al., 2024). Typically, by removing punctuation, irrelevant formatting, and other noise, the NLP analysis can efficiently capture the intended context of text. However, tokenization splits terms such as “stock market” into separate words “stock” and “market.” To maintain the semantic meaning of these phrases, multi-word financial terms like “credit_score” or “stock_market” are treated as single semantic units with underscores. Therefore, this study differs from Camilli and Lucy et al.’s methods by retaining the meaning of multi-word financial terms. This process reinforces the model’s accuracy as the semantic meaning of two individual words is vastly different from the combined meaning of a phrase (Chai, 2022). 
	Text Embeddings 
	The post processing phase is essential in order to understand the cosine similarity scores created by the Python algorithm. After the embedding model matches each pair of cosine similarity scores, the Python script function scipy.spatial.distance.cosine calculates cosine similarity (Gunawan et al., 2018). Each national learning objective was matched to the highest cosine similarity counterpart in the state document, even if duplicates occurred. Then, using the function df.to_csv(cosine_similarity_scores.csv), the data frame of cosine similarity scores can be converted into a comma-separated values (CSV) file. This file was imported into Google Sheets with 5337 rows. Two of the rows out of 5337 are shown for reference. 
	To estimate the proportion of correct cosine similarity scores, the researcher used a one-sample z-interval for proportions. Z-intervals are the industry standard in Advanced Placement Statistics textbooks and data analysis (Singh & Masuku, 2014). To estimate the accuracy rate of the cosine similarity scores, the researcher randomly selected a sample of 100 cosine similarity scores with the TI-84 calculator’s random integer function RandInt (1, 5357, 100). This 100-sample subset is selected to capture a representative mix of financial topics (e.g., saving, credit, investing), varied linguistic complexity, and standards from multiple states. All data was moved to a separate Google sheet document, and each of the 100 cosine similarity scores was then examined for authenticity. Then, cosine similarity scores were inspected, with accurate scores receiving the value of 1 and inaccurate scores receiving the value of 0. The figure below shows this process.  
	Figure 6 - Estimating Accuracy of Cosine Similarity Scores with Z-Interval 
	​The researcher followed industry standards using the TI-84 calculator to input the x and n values to compute the confidence interval, which estimates the proportion of accurate similarity ratings in the entire data set of 5357 learning objectives. This manual validation step saves time as each of the 5357 learning objectives does not need to be inspected while supporting credibility, which is crucial for policy recommendations in the implications section. 

	Results 
	The most crucial finding in this research paper is the accuracy of the natural language processing model. This model compared semantic similarity between 5357 learning objectives - a task that, twenty years ago, would have required a committee of teachers and financial professionals because of the nuance in each term. Across the 100 randomly sampled cosine similarity scores, 83 of them were deemed accurate by the researcher. When implemented into the Z-proportion, this statistic created an interval of [0.756, 0.903]. Thus, this paper has statistical evidence that with 95% confidence, the proportion of accurate cosine similarity ratings is between 75% and 90% (O’Brien & Yi, 2016). 
	The high accuracy of the model showcases the tool's efficacy in improving financial education. The simple random sample (n=100) of all learning objectives is listed in Appendix D. As shown in Appendix A or Figure 7, the five most overlooked learning objectives all have cosine similarity scores near zero (the full list of data is analyzed in Appendices A-C). These learning objectives had median cosine scores across all states lower than 0.2, indicating a minimal alignment to national financial education benchmarks. 
	Figure 7 - The Five Most Overlooked Learning Objectives Nationwide 
	Overlooked Learning Objectives on a Category-by-Category Basis 
	​The twenty-six states in our dataset had nuanced disparities, but this diagram focuses on the general trends to conduct a state-by-state analysis. First, the researcher separated all learning objectives into the six broad categories listed by the CEE. Then, the semantic similarity of each category from zero to one, compared to the CEE document, is visually represented on a color graph, with lighter shades of blue indicating lower similarity and darker shades indicating higher similarity. Figure 7 shows the color gradings of each state in the six main financial education categories.  
	Figure 8 - Learning Objectives Separated into Six Categories 
	This graph shows intense dark squares in California, Connecticut, Kansas, and Rhode Island, which are close partners with the CEE. Nonetheless, investing learning objectives are overlooked not only in most states but even in those directly partnering with the CEE. These results suggest that significant improvements should be made to improve the curriculum, as the general trend showed scores of around 0.5. Most notably, investing is the least represented topic across the board in financial education, while earning income is stronger. These results suggest a redistribution of resources to improve curriculum comprehensiveness.  
	Overlooked Learning Objectives on a State-by-State Basis 
	Figure 9 - Overlooked Learning Objectives State-by-State 
	Input Length Sensitivity and Interval Conditions 
	The input length sensitivity of the embedding model was a strong limitation to the cosine similarity score accuracy interval of 75% to 90%. Embedding models are designed to handle variable input lengths from multi-page documents to a single financial learning objective, which typically is a short phrase or sentence. In the preprocessing for natural language processing, the researcher used tokenization, stopword removal, and lemmatization (Smelyakov et al., 2020). Specifically, stopword removal or the removal of words such as “the,” “a,” and “is” may have been an unnecessary preprocessing step. This could have resulted in the discarding of critical information in the semantic meaning of a phrase (Kaur & Buttar, 2018). This process is typically done for entire textbooks, not single sentences, so it was unnecessary for this paper. 
	Implications 
	The previous sections, supported by Appendices A-C, all have substantial implications for artificial intelligence research, policy, and curriculum development. In contrast, Appendices E-F document the model for reproducibility and Appendices G-H represent my use of findings. 
	Understanding where the curriculum lacks allows individuals to improve financial education and, as a result, financial behavior. Overall, this research paper discovered what learning objectives were overlooked state-by-state, with 75% to 95% accuracy. The larger understanding presented is that we don't just need more financial education - we need higher quality financial education. 
	This study has notable value to the body of AI model literature, expanding on NLP’s relevance to how we optimize education research. The critical implication is that this paper validates the use of the text-embedding-ada-002 model in large corpora text comparisons, expanding on the work of Lucy and colleagues who showed that work embeddings can be used to assess semantic coverage in historical context (Lucy et al., 2020). Moreover, the results validate the concerns of Tang and Yang as they established that general-purpose models encounter occasional errors (Tang & Yang, 2024). They suggest the use of Finance Massive Text Embedding Benchmark (FinMTEB) as its accuracy outperforms general models when comparing similar vocabulary (avoid credit vs establish credit). Because this model experienced occasional errors with similar vocabulary, it can be established that AI tools should be used with transparency, as they are not completely accurate. These findings support the general push to a more responsible and ethical
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