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    Introduction 

In everyday conversation and online spaces, different minority groups share similar 

stories of how their illnesses are not taken seriously, they’re misdiagnosed, or are refused 

treatment for their illnesses. Thus, the negative symptoms that they may be experiencing would, 

for example, be attributed to mundane things like anxiety or stress by medical practitioners who 

dismiss other underlying and serious medical issues the patient(s) may be having because of 

their implicit biases. Because the medical system often neglects certain populations from the 

focus of medical care and medical education, it discourages and actively opposes a more holistic 

and nuanced view of medical care related to different populations. Because of this, it forces 

these minority groups to advocate for themselves by seeing multiple different doctors, 

self-diagnosing, or resorting to online spaces to voice their grievances about their experiences 

with seeking treatment, while their symptoms may evolve into something life-threatening.  

Concerning online spaces, there are many social forums, videos, posts, and news about 

minority experiences when it comes to seeking treatment, along with independent ‘research’ as a 

means to air their grievances and organize their bottom-up experience through these online 

spaces. What I’ve done for my project is examine social forums, specifically Reddit, to analyze 

and measure the prevalence of how people from minority groups feel about medical bias when 

seeking medical care. Thus, I lead with the question: How can we measure sentiments among 

minority groups regarding medical neglect in online discussion forums, and what 

sentiments are most prevalent within these communities? 
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Literature Review 

Key words and definitions: medical bias/neglect (a blanket term I will use to highlight 

negligence of doctors amongst minority communities). Web-scrapping (A way to collect posts 

from Reddit), VADER, RoBERTa, Coherence Score, and Topic Modeling (explained in the 

methods section).  

 There are many key dimensions within the medical world that a smorgasbord of 

researchers have taken upon themselves to research and highlight to explain issues related to 

medical negligence/bias. One dimension focuses the issue on the chronic illnesses that affect 

women and argues that these illnesses are often misunderstood, misdiagnosed, and mistreated 

due to their disproportionate impact on women, as one researcher, Dr. Eleanor Krassen, argues in 

her work. With there being a lack of research funding to help understand these conditions, it 

creates a lack of understanding within the diagnostic process to properly treat women. (Krassen, 

2022). Researchers like Krassen also highlight the structural and social barriers that women face 

in being treated properly, which deepens the issue of medical neglect within the diagnostic 

process. This issue becomes even more nuanced when the legality of this is added. By 

examining the legal aspect of diagnostic discrimination, we can see gender bias in medical 

malpractice lawsuits with reduced financial settlements for women compared to men, which 
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highlights the issue of women often not receiving justice when facing medical issues as a result 

of diagnostic discrimination. (Plaza, 2018). 

Another researcher, Chesley Carter,  gives a specific case of diagnostic discrimination in 

her article as she introduces the concept of "health omissions," arguing that systemic anti-Black 

racism leads to the erasure of Black patients and their suffering from medical knowledge and 

care which coincides with Krassen’s point on the lack of education for women and both 

comment on the exclusion of these demographics from medical education which leads to 

diagnostic discrimination. She uses a case study of "Uncle Bobbie," aka Bobbie Moore, a black 

man from St. Louis whose ALS diagnosis was denied for years and who died as a result. While 

his family, who were his primary caretakers, insisted to medical practitioners that he may have 

ALS through their online research, which informed them to make this self-diagnosis, medical 

practitioners kept denying that this was the case. After experiencing a major health episode, he 

had to be rushed to Midway Hospital, where he was finally diagnosed, but died as a result of the 

late-stage effects of ALS. (Carter, 2021). 

 

Medical tourism is another dimension of medical neglect as well, the practice of 

traveling internationally to seek sufficient medical care when the individual's country’s 

healthcare system has inadequate resources, high costs, or discriminatory practices that prevent 

them from obtaining the treatment that is needed for the individual. In a case study conducted by 

Dr. Aren Z. Aizura, she highlights medical tourism by examining the lives of two transgender 

women who are required to go to Thailand to get gender reassignment surgery (GRS) because 

Thailand doesn’t have as strict regulations for GRS, compared to many Western countries which 

require psychiatric evaluations and real-life experience (RLE) criteria to be considered for this 
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procedure. Additionally, they note how Thai medical staff are much more respectful and 

friendlier about their gender identity and don’t face discrimination due to their identity as they 

do in Western countries when seeking treatment from medical practitioners. (Aizura, 2010).  

 

With these issues related to different minority groups, when it comes to things such as 

race, sex, and gender identity as examples, it raises the question of how medical educators teach 

future practitioners how to treat. In one study conducted by Dr. June Futterman; it examines how 

medical educators at Georgetown University Medical Center understand and use race in clinical 

decision-making. The study also identifies a growing awareness of the impact of structural 

racism on health outcomes, suggesting that medical education needs to address the biological 

and cultural aspects of race as well as the sociopolitical context. (Futterman, 2024).  

These differing issues within the medical world highlight many key elements related to 

medical negligence that exist within the medical field and how these researchers define these 

elements through their research. With many different patients receiving inadequate care, it raises 

an inquiry of how many other people have had their symptoms worsen or have potentially died 

as a result of medical practitioners not taking their symptoms seriously.  

Examining how health literature and practices teach people about people from different 

demographic backgrounds could also address medical myths within the field, such as the belief 

that black patients feel less pain than white patients (Hoffman, 2016). This belief isn’t unique to 

the medical field either, and has become such a popular belief that even leading health officials 

within the US hold these ignorant beliefs while making policy decisions related to health within 

the US. (Reed, 2025). Harmful beliefs like these cause mistrust amongst patients and influence 
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them to not seek treatment when they have a serious illness, which could be directly linked to 

voicing their sentiments within social forums like Reddit. (Murphy, 2024).  

From this, when examining these social forums, utilizing a computational-based lens will 

be useful for capturing the prevalence of these sentiments. Within the realm of computational 

social science, which is an interdisciplinary subfield that uses computational methods in 

research. Measuring sentiments is something that has been applied in a variety of ways and 

utilized by various researchers within this emerging subfield. When it comes to sentiment in 

everyday language, one source states that we can split sentiment into two meanings: (a) a 

feeling, or something of emotional significance, and (b) a particular (usually subjective) point of 

view. (Puschmann and Powell. 2018). Within the subfield of computational social science, we 

collect sentiment, sometimes called opinion mining, to capture the subjective viewpoints on a 

variety of topics related to things like history, politics, events, and more. As one source states, 

sentiment analysis techniques can be split into four categories: machine learning, deep learning, 

lexicon-based analysis, and hybrid approaches that mix the previous techniques. (Mao et. al. 

2024). For an applied example, in one market study, sentiment analysis is used to analyze 

microblogs on Twitter to collect user-submitted reviews on two stores in the UK: Tesco and 

ASDA over the Christmas holidays in 2014, utilizing R. (Younis, 2015). This resulted in a 

confirmation that this technique can be used by businesses to make it easier for them to capture 

customer sentiment about their companies, and could be replicated on other social media 

platforms such as Facebook, Reddit, TikTok, and more.  

 Shedding some more light on the issue of medical discrimination, utilizing 

computational methods creates innovative techniques to analyze how different demographics are 
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treated when they have to receive care from medical practitioners, and what disparities may exist 

within this. For my scope,  I will utilize these computational methods, specifically utilizing 

sentiment analysis through the machine learning method, which classifies the data I’ve collected 

into measurable categories, which I will then analyze qualitatively to capture and measure the 

sentiments of minority groups from different subreddits within Reddit to answer my question of 

how can we measure sentiments among minority groups regarding medical neglect in online 

discussion forums, and what sentiments are most prevalent within these communities. 

 To do this, I’ve created a script within Python that can give me the prevalence of 

sentiment, and have then analyzed the sentiment in order to see how the data correlates and what 

inferences can be made when studying the data. The main deliverables of this project will be the 

data visualizations, my analysis of the data, my presentation, and the Jupyter script that I’ve 

created.  

By addressing this issue, we can see a layout of what potential policies, practices, and 

ethics need to be considered to inform researchers, advocates, NGO’s, that can utilize this 

knowledge to understand sentiments about medical negligence and its adverse effects on 

minority communities and challenge it in a more informed way. 
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 ​ ​ ​ ​  Methods 

The main goal of this project is to create a script that can A). Web scrape from Reddit 

with specific communities and keywords to collect 8,000+ posts; B). Categorize the posts from 

web scraping into “neutral”, “negative”, or “positive” categories. And C). Visualize the data and 

its measurements with graphs in order to perform an analysis of the data to derive what can be 

determined from it. 

  

To examine sentiments about medical neglect on Reddit, I will utilize Python to create a 

machine learning script that will autonomously analyze and measure the sentiment of 8,708 

Reddit posts from medical subreddits. To do this, I have coded a list of subreddits to loop 

through, which tells the script to search through the list of subreddits. Additionally, I’ve created a 

separate keywords list to find specific information about medical discrimination within each 

Reddit post from these specific communities. For the subreddits, web scraped from this list: 

r/medcine, r/health, r/disability, r/nursing, r/womenshealth, r/askdocs, r/chronicillness, and 

r/disability. And for the keywords, I will be using: discrimination, bias, racist, racial bias, 

oppression, prejudice, medicine, advocating, unequal, neglect, transphobia, homophobia,  and 

sexism. Since my focus is on minority sentiments and inequity within medical service, I’ve used 

these terms that I think would typically be used when talking about discrimination to find posts 

that talk about this. With this setup, I’ve looped through each Reddit community for their top 

1000 posts with each keyword I’ve told Python to use. To accomplish this, I’ve used many 

library imports. I used PRAW, a Python library import (sort of like an app), to create a personal 

use script that could connect me to the Reddit API to do the scraping, basically creating a key for 

me to unlock the ability to scrape from Reddit. For the actual scraping, I used time, another 
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import, to create a 0.2-second delay between post searches since Reddit tries to limit scraping if 

you try and scrape instantaneously.  

 

After web scraping, I then used VADER to perform a basic sentiment analysis on whole 

posts that were found in the communities I’ve listed and keywords I’ve input. After collection, 

I’ve put the posts into the categories: neutral, negative, and positive. As a result, it gives me a list 

of posts and VADER’s scoring system that uses a sentiment scale with a sentiment score ranging 

from -1 to 1 analyze the polarity of each post, where scores close to 1 indicate strong positive 

sentiment, scores close to -1 indicate strong negative sentiment, and scores close to 0 indicate 

neutral sentiment. I then took this list and imported seaborn, matplotlib, and pandas to create a 

simple bar graph that shows the quantity of posts for each category. After performing this basic 

analysis for sentiment, I then compared the sentiment scores with RoBERTa and Go Emotions to 

get a more robust categorization for the collection of the data for analysis. With the RoBERTa 

and Go Emotions imports, instead of just having the categories: neutral, negative, and positive. 

RoBERTa places posts collected into 28 emotion categories (29 including neutral). With its full 

list of emotions being: 'admiration', 'amusement', 'anger', 'annoyance', 'approval', 'caring', 

'confusion', 'curiosity', 'desire', 'disappointment', 'disapproval', 'disgust', 'embarrassment', 

'excitement', 'fear', 'gratitude', 'grief', 'joy', 'love', 'nervousness', 'optimism', 'pride', 'realization', 

'relief', 'remorse', 'sadness', 'surprise',  and 'neutral', to apply a class label to each Reddit post 

collected and providing a confidence score with each post to place it into one of the listed 

categories. 
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After collecting these posts, I will save them to a .csv file and clean the data to remove 

missing and duplicate values, while RoBERTa already pre-cleans data when running sentiment 

analysis, VADER has a harder time doing this; therefore, basic cleaning has been done to 

improve data efficiency. After the data is cleaned, I will use language data analysis to discover 

recurring themes within Reddit posts about medical discrimination to see if it matches the search 

terms I’ve input and help with my analysis to find major themes within the data, especially if it 

can find new themes/topics I didn’t account for within these Reddit posts, and see the prevalence 

of topics the LDA model finds for analysis.  

 

To do this,  I have given the script the number of topics I want it to analyze; these topics are not 

predefined, and in the context of this study, are the number of word groups that are produced. I 

have then interpreted these word groups to see what I think the topic would be for each group. 

However, if I give the script too many topics, it could be accounting for too many outliers and 

noise, thus returning irrelevant word groups. Therefore, I’ve measured the number of optimal 

topics with a coherence score measurement from 1 to 0, where 1 has a high coherence and 0 has 

a very low coherence. After producing the optimal number of topics, I also included a weight to 

each topic to see which topic would be the most prevalent for analysis, along with word clouds to 

examine the dominant words within each topic. 

 

When looking at these word clouds, I need to draw upon my own knowledge, feelings, 

and inferences as to what the words in each topic group mean. As an example, if one topic has 

the words: “children”, “grades”, “teacher”, I would infer that this group could more than likely 
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be about how teachers grade the children they teach in K-12. Thus, making a qualitative analysis 

of the meaning of each topic, which I will address more in the discussion section of this study.  

 

 

 

 Results 

For my results and analysis, I will go in order of my stated methods. After web 

scraping/cleaning, I ran VADER to analyze 8708 posts; it returned 6883 posts based on the 

criteria I’ve set for it, and  produced this: 

 

 
With this figure, when performing a sentiment analysis of the posts collected, we can see a 

strong negative sentiment when it comes to conversations around medical bias amongst or about 
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minorities, which was the expected result given that this is a topic about an overall negative 

experience people have. However, there is a significant number of posts that also cover positive 

sentiments. 

 

However, while this gives a good visualized representation of basic sentiment, I needed to delve 

deeper into this to have a more in-depth look at what kinds of emotions are most prevalent within 

the posts. Therefore, after I performed a second analysis with RoBERTa, I produced this table: 

 

From this table, after analyzing 8708 posts, we can see that the dominant sentiment category is 

approval, with anger following as the second dominant sentiment. These posts that produce the 

approval category could exist because of potentially good policies, news, and practices that 
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prevent medical bias from happening; however, this doesn’t account for why the VADER 

analysis produces an overall negative sentiment, thus leaving the correlation unclear.  

 

After producing these graphs, I then calculated the coherence, utilizing the elbow method to 

examine the line chart below: 
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The Elbow Method helps with the selection of the number of meaningful topics, aka 

word groups, that I should include that represent my data. Within this graph, it gives me an 

estimation of how many word groups I should have. When reading the graph, I am looking at the 

point that looks like an elbow between 10 and 12, and I am concluding that I need 11 word 

groups in order to properly represent my data. With these word groups, we can add a qualitative 

angle to this project, to see what word groups appear, and what words are most prevalent when 

medical negligence is spoken about on Reddit. (Bobbit, 2023). 
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For each topic, these were the measurements in terms of ranking by prevalence that I then 

qualitatively analyzed: 

 

=== Topics Ranked by Prevalence === 

 

1. Topic 5: Unkown (Weight: 1918.00) -> like | know | feel | work | time | want | people | need 

| thing | tell 

From this list of words, it is hard to make a strong analysis since the most prevalent words are 

words such as ‘know’, ‘like’, feel, which don’t provide the strongest link to a theme when I think 

of qualitative associations. However, with words like ‘bad’, ‘work’, ‘need’, it could refer to the 

overall negative sentiment patients have when it comes to medical neglect. Omission of filler 

words might be the solution to this. However given my time constraints, that will not be 

performed in this study. 
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2. Topic 11: Seeking Treatment (Weight: 1001.43) -> pain | symptom | doctor | feel | year | 

test | like | time | issue | normal 

This topic would be associated with people’s sentiments about symptoms/pain and seeking 

treatment from medical practitioners. With the top words being “pain”, “symptom”, and 

“doctor”, I would infer that this would be the main theme of this word group. 
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3. Topic 4: Pain (Weight: 959.76) -> doctor | pain | like | know | help | feel | time | day | 

period | tell 

This topic could be about doctors and pain. Potentially, how doctors view patients’ pain, how 

doctors handle pain, and what diagnoses they give to their patients.  
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4. Topic 6: Nursing (Weight: 942.71) -> nurse | work | patient | nursing | job | school | 

hospital | year | like | new 

It could be mainly about nursing specifically and their interactions with patients 
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5. Topic 10: Disabilities (Weight: 864.40) -> disability | work | medical | people | advocate | 

need | accommodation | health | discrimination | state 

This topic would be about people with disabilities, how they would be discriminated against 

within the medical field, the accommodations they would need, and how they would want to be 

advocated for.  
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6. Topic 2: Hospital Care (Weight: 673.45) -> patient | hospital | say | tell | day | doctor | 

nurse | pain | care | come 

This topic would be mainly about hospital care. With the words ‘patient’, ‘hospital’, ‘nurse’, 

‘doctor’, the major theme could be about patient experiences with hospital care and how that 

relates to medical negligence.  
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7. Topic 3: Disability (2) (Weight: 532.58) -> people | disabled | post | disability | like | 

comment | community | think | person | know  

Based on the keywords, this could be another topic about the disabled community; however, I am 

unsure what specifically. Potentially, it could be general discussions of disabled patients’ 

experiences with medical neglect, but what in particular is what I am unsure of.  
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8. Topic 7: Black Women and Covid (Weight: 492.32) -> woman | medicine | vaccine | 

patient | black | covid | health | physician | care | disease 

Based on the keywords, this topic could be about black women and COVID-19. Potentially 

noting inadequacies in care during COVID and how physicians treated black women during this 

time. 
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9. Topic 8: Childcare and Health in the US (Weight: 483.64) -> people | health | test | 

disability | child | american | study | medical | risk | cancer 

Based on these keywords, this could be about childcare and health. A bit off topic for my 

research, but could be an important factor when studying family medicine and inequalities within 

it.  

 

 

 

 

 

 

 

 



2
4     

 

10. Topic 9: Insurance (Weight: 429.57) -> insurance | patient | care | pay | health | benefit | 

medical | year | disability | study 

This would add another realm to this by including the financial aspects of care. Mainly focusing 

on insurance, medical fees, debt, and so on. 
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11. Topic 1:  Time and Events (Weight: 410.14) -> like | feel | day | year | ve | time | eye | mg | 

start | eat 

This could just be about different times that certain events may happen. Which would make 

sense as to why this would be the weakest topic out of the 11.  
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 Analysis 

 

When comparing RoBERTa’s and VADER's sentiment analysis, we can see that there is 

an overall negative sentiment in VADER's analysis; however, the emotional category “approval” 

is the highest in RoBERTa's analysis. This could be since VADER typically captures generally 

negative and positive sentiment and places them into non-specific categories. RoBERTa 

subdivides these negative emotions like anger, confusion, and annoyance into separate negative 

sentiments, which would make it seem like approval equals an overall positive sentiment. 

However, when added together, we would be able to see the overall negative sentiment that 

VADER shows. 

 

​ Additionally, within the approval category, when examining the posts qualitatively, we 

get a range of different tones and contexts:  

 

Title: Response to D.O. surgeon discrimination 

Top Emotion: approval (0.89) 

 

Title: Need advice for dealing with discrimination at hospital 

Top Emotion: approval (0.90) 

 

Title: How doctors can respond to discrimination from their patients 

Top Emotion: approval (0.91) 

 

Title: Doctors, how's age discrimination in your industry? Whether it be too old or too young. 
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Top Emotion: approval (0.97) 

 

From this list, we can see that there isn’t a strong positive sentiment regarding posts 

within the approval category, and the context of these posts could’ve been missed in the 

software’s analysis. But most of them appear to be declarative statements and inquiries about 

discrimination rather than explicitly showing approval. This would mean while there may be 

posts that do have positive sentiments associated with the approval category, there are also a 

significant number of posts that are associated with negative or neutral sentiments that 

acknowledge medical discrimination but don’t necessarily raise a strong positive sentiment, thus 

complicating and confusing the approval category and raising the need to conduct a more 

qualitative analysis to understand the context of each post.  

 

For the topic groups, Topic 5 seems to have the most prevalence, with “like” being the 

most dominant word within this topic. However, I am unsure how this could correlate with my 

previous graphs mentioned above when it comes to minority sentiments about medical bias. 

However, with the following top 2 topics: Topic 11 and Topic 4, I’ve determined that these 

would be major topics about pain and seeking treatment. More than likely sentiments about 

patients who complain about their pain and negative sentiments about going to the doctor.  
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      Limitations and  Discussion 

Within this project, one major limitation is my lack of analysis in examining sentiment 

over time. While I have collected the top 1000 posts from each Reddit group to have the data be 

more representative, the timeline of posts collected would be a significant limitation, especially 

when trying to analyze sentiment changes with things like new healthcare policies, health 

leaders, and organizations, medical research, and news events involving the medical industry as 

well. And with the models themselves, it could prove difficult for VADER and RoBERTa to 

analyze data over time since languages change over time; thus, it could be difficult to analyze 

nuances in emotion and different word structures, such as slang.  

Despite cleaning and fine-tuning, the data could still contain variables left unaccounted 

for that could skew my dataset, thus affecting the results. To fix this, more data 

exploration/experimentation should be done to explore what possible variables should/shouldn’t 

be accounted for to further optimize the script. Additionally, there could be other ways to 

measure sentiment that I may not be accounting for, which could potentially limit my analysis of 

the data.  

​ Another limitation is the lack of qualitative data within my project. While prevalence and 

quantitative analysis help us capture the gravity of the issue of medical bias/discrimination, there 

is a lack of highlighting people’s personal experiences when seeking treatment, especially with 

the word clouds. To fix this, omitting filler words such as ‘like’, ‘as’, ‘and’, etc, could yield more 
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specified word groups that could create a clearer linkage to qualitative themes related to people’s 

experiences with medical neglect.  

The way VADER and RoBERTa process language could be a limitation as well. When 

examining posts, posts that show things like sarcasm could be misrepresented as 

positive/negative/neutral or be given an emotional category that doesn’t truly represent what the 

posts are conveying. For example, within my dataset, there is this post: 

Title: Another shining success of private equity taking over a county hospital  

Top Emotion: admiration (0.92) 

While this post may seem admirable when not read sarcastically. When adding a sarcastic 

tone, this would likely be a negative post about private equity firms hurting rural communities. 

Additionally, this adds another layer, because it isn’t just an experience of an individual and 

medical neglect, but a response to medical neglect from an individual about institutions causing 

inequity. This evolves into a larger issue of not just how specific cases involving people linked 

directly to medical discrimination are, but also how their loved ones, friends, and communities 

are affected by this sort of residual trauma.  

 This could also be the case when trying to examine cultural differences and nuances that 

could be misrepresented as well, especially when it comes to slang terms and medical terms that 

RoBERTa and VADER would have trouble analyzing, along with posts that may seem positive, 

but could reflect an overall negative situation. While I have input keywords that I would think 

directly reflect minorities and their medical experiences, there could be an issue of 

underrepresentation, which could skew the data towards highlighting posts that are not relevant 
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to my research question. Additionally, conversations around medicine could take place outside of 

the US, which would shift the focus of this study. For example: 

Title: 2 More Japanese Medical Schools Admit Gender Discrimination 

Top Emotion: approval (0.91) 

Even though this post is talking about sexism within Japanese Medical Schools, my focus 

would not be on Japan, which modifies the data away from a US-based study. However, it can 

raise inquiries about sentiments felt globally. 
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   Future Implications 

While these limitations with the script itself raise the need for a secondary qualitative 

analysis of the data. By making my inferences and interpretations for categories and topic 

groups, I’ve highlighted more nuanced language around this issue that is too simplified when run 

through a script. However, while obtaining the quantitative data, which makes measuring 

prevalence easier, it highlighted the need for human intervention. And by utilizing my own 

thoughts, experiences, and knowledge as a social scientist to convey the narrative presented to 

me through these quantitative methods and put the pieces of the “puzzle” together, so to speak. I 

have raised important inquiries about how layered these responses can be, and for the future, it 

would be worthwhile to study how the trauma of medical discrimination affects communities 

who haven’t directly dealt with it, but feel its effects through their loved ones and the institutions 

they interact with.  

This script I have created additionally, is a good basis to examine different social 

scientific issues that could be used to examine other social issues/trends that could be efficient 

for policy analysis when looking for current sentiments about a certain topic. And with even 

more refinement, it could be used as a tool to collect sentiment over time. Additionally, other 

scripts could be created to scrape from other websites like Facebook, YouTube, Twitter, and 

more, which could expand the data and make it more robust by collecting from different sources 

to achieve a more nuanced and varied result, which could be useful for advancing social 
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scientific research, and implementing problem-fixing policies to mend the issue of medical 

neglect/bias. Additionally, this script can easily be made more accessible to other computational 

social scientists through GitHub so that they can modify the script based on mine, which can act 

as a blueprint. This could encourage more collaboration on this project to flesh it out more. 

​ ​ ​ ​    Conclusion 

Disparities in healthcare are a persistent and complex issue that demands urgent attention. 

Structural inequalities, socioeconomic factors, and healthcare system barriers contribute to 

inequities in access, treatment, and outcomes for racial and ethnic minorities. By doing this 

project, I have shed light on potential issues related to the medical field utilzing a inovative mode 

of analysis, and by examining the sentiments of underrepresented groups by examining the 

sentiment of minority groups on Reddit through web-scraping, language data analysis, and 

measuring prevelance, we can gain insight into how we should evolve healthcare to work 

towards building a healthier future for everyone. 
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Appendix  

For my code, I used VS Code to code with Python. Within the .ipynb file (Jupyter file), it should 

contain all of the necessary code and comments to replicate and modify my data, along with the 

presentation I have created for my project. 

​

Github Link: https://github.com/Awest51/Personal-Projects 
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