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ABSTRACT 
The complex interplay of social, behavioral, lifestyle, environmental, health system, and natural health 
variables contribute to disparities in cancer treatment across racial and ethnic groups. Consequently, it 
is necessary to identify the variables contributing to cancer health inequalities and develop strategies 
to achieve health equality. PubMed abstract on Cancer health disparities was scraped with a bio.Entrez 
python package. Preprocessed data with regex and Natural tool kit (NLTK), topic modeling with 
BERTopic embeddings, and c-TF-IDF to construct dense clusters and analyze top topics linked with 
Cancer health disparities. Model evaluation with PyCaret coherence score and web app deployment 
with Streamlit. The results showed that Topic 32, with the terms obese, female, male, school, survey, 
student, poet, and discrepancy, had the best coherence score of 0.3687. In contrast, topic 8, with terms 
prevalence, adult, income, high, usage, diabetes, education, elderly, change, and low received the 
lowest coherence score of 0.3255. The model classifies each Subject Word score based on the scores, 
the granular topic concerns, and trends related to cancer health disparities, investigates the connection 
between drivers of cancer health disparities, and evaluates the model with their coherence score values. 

KEYWORDS: Cancer health disparity, BERTopic, c-TF-IDF, PyCaret. 

Citation: Adewunm M et al (2022) Cancer Health Disparities drivers with BERTopic modelling and PyCaret 
Evaluation. Cancer Health Disparities 6: e1-e12. doi:10.9777/chd.2022.1005 
 
 
  



 
 
 
 
 

 
www.companyofscientists.com/index.php/chd e2 Cancer Health Disparities 

RESEARCH 

INTRODUCTION 
Cancer disparities occur across geographic regions, 
socioeconomic classes, and racial and ethnic 
groupings. For example, rural areas had higher 
lung, cervical, and colorectal cancer death rates 
than urban ones, owing to poverty, risky behavior, 
and lower vaccination and screening rates [1]. This 
is consistent with the growing divide in life 
expectancy between rural and urban areas (Torre et 
al., 2015). Low educational attainment is a marker of 
socioeconomic deprivation and correlates with 
increased all-cause mortality in the general 
population. Fifty per cent (50%) of all premature 
deaths may be avoided if all sectors of the U.S. 
population experienced college graduates’ death 
rates. Socioeconomic status is also a significant 
predictor of cancer death. Around a quarter of 
cancer deaths may be avoided if all Americans 
obtain a college education (Withrow et al., 2021) [2]. 
Furthermore, cancer survival improves with 
increasing socioeconomic position across all racial 
and ethnic groups in the United States [3]. 
Nonetheless, socioeconomic disparities in cancer 
mortality have shifted dramatically over time [4]. 
Until the 1980s, the socioeconomic position was 
positively connected with cancer mortality rates in 
the United States, indicating that the wealthy face a 
greater risk of cancer. However, this link has shifted 
in the opposite direction, with affluent Americans 
now having a lower risk of dying from cancer, owing 
to advancements in disease prevention, early 
cancer detection, and cancer therapy that benefit 
people with private health insurance. 
Socioeconomic disparities are the primary cause of 
excess mortality from lung, colorectal, cervical, 
stomach, and liver cancers among Americans living 
in deprived areas [3]. While prostate cancer 
mortality did not differ significantly by 
socioeconomic class in the past, an inverse 
socioeconomic gradient presently exists [5] [6]. 
Additionally, neighborhood socioeconomic 

hardship is associated with shorter telomere length, 
a marker of premature ageing, and deadly 
malignancy [7]. 

Global disparities in cancer incidence and mortality 
rates are observed across the board for most 
cancer sites, indicating socioeconomic disparities 
and considerable differences in risk factor expo- 
sure [8]. Breast, colorectal, and prostate cancer 
rates differ significantly between high- and low-
income countries, geographic regions, and 
race/ethnic groupings. As migration studies for 
breast and other cancers have demonstrated, 
differences in health care and modifiable risk factor 
exposure are significant drivers of these global 
disparities [9] [10]. Lung cancer is the most 
important cause of cancer death globally but is 
significantly underrepresented in Sub-Saharan 
Africa due to low smoking rates. Prostate cancer is 
the most frequent cancer in men worldwide, but its 
prevalence varies considerably by geography, with 
low rates in East Asia and high speeds in Western 
countries. The incidence disparity has lessened as 
East Asia’s habits have become more westernized 
[11]. Notably, prostate cancer is the leading cause of 
cancer death among men in Sub-Saharan Africa 
and the Caribbean [12], leading to the theory that 
males of Sub-Saharan African ancestry. This may 
pre- dispose to prostate cancer and a more 
aggressive illness due to ancestral genetic 
characteristics. Cervical cancer is the leading cause 
of cancer death in women in Sub-Saharan Africa 
and Southeast Asia, owing to human papillomavirus 
infections and late disease identification [13]. Other 
cancers with a high incidence and fatality rate in 
Eastern Asia include stomach and oesophagal 
cancer (Lin et al., 2021). Helicobacter pylori infection 
and a diet high in salt are significant risk factors for 
stomach cancer [14]. This cancer is more prevalent 
on the Korean peninsula due to regional dietary risk 
factors and chronic Helicobacter pylori infections 
[15]. 
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In contrast, Malawi in Eastern Africa is mainly 
affected by oesophagal cancers [16], with the 
highest global disease rates due to unknown risk 
factors. Finally, liver cancer is most prevalent in 
Northern and Western Africa and Southeast Asia 
[17]. For example, it is the leading cause of cancer 
mortality in Mongolia [18]. Chronic hepatitis B and 
C virus infections and aflatoxin exposure are 
significant causes of disease in these regions. In 
contrast, heavy alcohol use and non-alcoholic fatty 
liver disease are tremendous contributors to the 
rising incidence of liver cancer in several high- 
income countries [19]. The remaining sections 

summarise prior research on topic modelling for 
language, project workflow, modelling experiment, 
results, evaluation, discussion and conclusion. 

The objectives of this study are: 

• Find out granular topics related to cancer health 
disparities with topic modelling. 

• Narrow down the knowledge structure of the high 
topics word scores and the associated trends. 

• Validate the discovered trends. 

 

Figure 1. Why do U.S. Cancer health disparities exist (AACR Cancer Disparities Progress Report 2022) 

 
 
Reviewed Methods 
Topic Modelling with BERTopic and PyCaret 
This is an unsupervised machine learning method 
for discovering abstract subjects in substantial text 
collections. It aids in organizing, comprehending, 
and summarising vast quantities of textual material 
and locating hidden issues that differ across 

documents within a particular corpus. The objective 
of topic modelling is to group documents and 
words with similar meanings. It has several critical 
applications, including Natural language processing 
(NLP) and information retrieval (I.R.). It uses 
unsupervised machine learning algorithms to 
identify themes inside document sets. The 



 
 
 
 
 

 
www.companyofscientists.com/index.php/chd e4 Cancer Health Disparities 

RESEARCH 

Probabilistic Latent Semantic Analysis (PLSA) was 
initially suggested in 1999 [20], followed by the 
Latent Dirichlet Allocation (LDA) in 2003 [21], which 
has since become one of the most used topic 
modelling methodologies. In addition, the 
development of Pre-trained Language Models 
(PLMs) has contributed to the subject modelling 
problem. For instance, BERTopic [22] is a topic 
modelling technique that employs BERT 
embeddings and a class-based TF-IDF to create 
dense clusters. 

Additionally, it uses the Uniform Manifold 
Approximation and Projection (UMAP) technique to 
reduce the dimensionality of the embeddings 
before clustering the documents [23]. Initial studies 
with the BERTopic approach yielded promising 
results; consequently, this work aims to conduct 

experiments with the BERTopic technique utilizing 
various PLMs and compare their results to well- 
established methods such as LDA. PyCaret [24] is 
an open-source Python toolkit for low-code 
machine learning that streamlines ma- chine 
learning operations. It is an end-to-end machine 
learning and model management application that 
exponentially accelerates the trial cycle and 
increases your productivity. Compared to other 
open-source machine learning libraries, PyCaret is 
an alternative low-code library that can replace 
hundreds of lines of code with only a few lines. This 
makes experiments significantly quicker and more 
productive. PyCaret is a wrapper for several 
machine learning libraries and frameworks, 
including sci-kit-learn, XGBoost, LightGBM, 
CatBoost, spaCy, Optuna, Hyperopt, Ray, and a few 
more. 

Figure 2. Project Workflow 

Methods 
This article analyzes PubMed abstracts using 
embedding clustering-based models with LDA [21]. 
History’s typical conventional topic model produces 
subjects using document-topic and topic-word 
distributions. In this study, we examine the topic of 
modelling text corpora and other discrete data sets 

by extracting the causes of health disparities in 
cancer care. 

BERTopic Modelling 
BERTopic model exploits BERT+UMAP+HDBSCAN 
[22], a clustering-based method that uses HDBSCAN 
(McInnes and Healy, 2017) to cluster Sentences BERT 
embeddings. Uniform Manifold Approximation 
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Projection (UMAP) [25] and a class- based Term 
Frequency Inverse Document Frequency (c-TF-IDF) to 
reduce embedding dimensions. This method 
identifies themes on cancer health inequalities and 
narrows down the knowledge structure of high-
scoring themes and related trends. The objective is to 
discover concise descriptions of the cancer health 
disparity col- lection that facilitate the efficient 
processing of large groups while preserving the 
essential statistical relationships beneficial for 
fundamental tasks such as classification, novelty 
detection, summarization, and similarity and 
relevance judgments. 

Experiments 
Datasets 
We scraped abstracts on Colon cancer disparities 
from the PubMed database with Entrez Global 

Query Cross-Database Search System, using the 
keyword ‘Cancer health disparity’ and preprocessed 
the data with Natural Language Tool Kit (NLTK) us- 
ing the regex method. 

Evaluation Metrics 
We assess the subject’s quality in terms of topic 
diversity and topic coherence: Topic Diversity 
(T.U.)(Nan et al., 2019) quantifies the originality of 
words across all subjects. Normalized Point- wise 
Mutual Information (NPMI) (Newman et al., 2010) 
measures topic coherence internally using a sliding 
window to count word co-occurrence patterns. 
Topic Coherence (CV) (Roder et al., 2015) is a 
variant of NPMI that uses one-set segmentation to 
calculate word co-occurrences and cosine similarity 
as the similarity measure. 

 

Figure 3. Topic Word Scores 

Visualizing the chosen keywords for a few themes 
in Figure 2. The relative c-TF-IDF scores across and 
within articles provides insight [26]. Additionally, it is 
simple to compare subject representations to one 
another. We can view the top words for each topic 
and the topic word scores. So, in Topic 0, the top 
term racial care and ethnic. Related topics, for other 
words, can be analyzed. From the topic similarity 

scores, the top 10 words in the document are 
patients, surgical, surgery, pain, disparities, total, 
white, racial, care, and black. Patients have a word 
score of 0.049; surgical has a word score of 0.039; 
surgery is 0.032; disparities are 0.025, the total has 
a word score of 0.025, white has a word score of 
0.023, racial has a word score of 0.021, care has a 
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word score of 0.021, and black has a word score of 
0.0. These words have a similarity score of 0.48. 

Frequent topics 
In Figure 4, Topic -1, disparities_health_care_ 
patients, are the commonly ignored outliers, but 
this topic seems relevant to the researched theme. 

Figure 4. Frequent Topics generated 

 

Figure 5. Topics and the probability 

 

As observed from the hierarchical clustering of the 
data, the closely clustered racial health disparity is 
linked to the youth’s mental health. Therefore, the 
impact of racial health disparities on the mental 
health of individuals is considerable. Furthermore, 
the healthcare sector and cancer disparity are 
clustered, suggesting the need for more thorough 
research in this field. Therefore, increasing 
awareness and research on cancer disparity will 
substantially affect the healthcare sector. 

Figure 6. Hierarchical Clusters of Topics Most Similar Topics 

 

Figure 7. Most Similar topics 

 

Fig 7. shows the related topics to cancer health disparity and its similarity score. The highest is cancer with 
0.0508, and the least is the incidence, with a similarity score of 0.5603. 
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Heatmap Matrix 
Build a heatmap of the similarity matrix for the subject. A heatmap depicting the similarity of topics 
generated based on the cosine similarity matrix between topic embeddings. For example, the similarity score 
among racial-patients-disparities, maternal-women-birth, patients-surgical-surgery, children-youth- dental, 
cancer-patients-survival, covid-pandemic-survival, health- disparities-research and sexual-heterosexual-
bisexual are very high amongst others as displayed in fig.8. 

Figure 8. Similarity Matrix heatmap 

Model Evaluation with PyCaret coherence 
Probabilistic topic models like LDA are popular text 
analysis techniques because they provide both a 
corpus’s predictive and latent topic representation. 
However, because of the unsupervised training 
process, there is a longtime expectation that the 
latent space identified by these models is typically 

relevant and valuable and that testing such 
assumptions is difficult. Furthermore, there is no 
universally accepted list of themes against which all 
com- pared corpora. However, it is equally vital to 
determine whether a trained model is excellent 
terrible and compare different models/methods. 
Various methods have been employed in many 
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practical applications to determine if "the right 
thing" has been learned about the word corpus. 
The Coherence Score is the evaluation method 
used in the proposed research to evaluate Topic 
Models. Topic coherence assesses the semantic 
similarity between high- scoring terms in a topic’s 
score. These metrics aid in the distinction between 

semantically interpretable issues and statistical 
inference artefacts. According to Fig. 9, topic 32 
words have the highest coherence score, i.e., 
0.3687, and topic 8 words have the lowest, i.e., 
0.3255. From Fig. 10 obesity, female, male, school, 
survey, student, post, disparity, gender, and 
increase in topic 32. 

Figure 9. Topic with the highest coherence value. 

 

Figure 10. Words in Topic 32 

 

In contrast, the coherence score drops sharply until topic 64, then rises until topic 100. Then, from 100 to 
300, the coherence score is nearly steady, with just a minor decline. After topic 300, the coherence score 
begins to rise again as displayed in fig 11 and 12. 
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Figure 11. Topics with the lowest coherence value 

 

Figure 12. Words in Topic 8 

 
 
Streamlit Deployment 
Streamlit is used to deploy data visualisations generated by topic modelling using PyCaret and BERTopic. In 
addition, it is an open- source Python framework for building Machine Learning and Data Science web 
applications. Streamlit enables the application development by simplifying the interactive coding cycle and 
displays results in a web application. Figure 10 depicts the web interface of the Streamlit web. 
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Figure 13. Streamlit display of Cancer disparity web app 

 

 
Conclusion 
Identifying granular topics contributing to cancer 
health disparities is necessary and developing 
measures for achieving health equity. First, textual 
data was extracted from PubMed abstracts, then 
preprocessed the data with Natural Language 
ToolKit (NLTK) libraries, topic modelling using the 
PyCaret and BERTopic libraries and evaluation with 
PyCaret. Both models produced outcomes which 
have been discussed in the previous sections. 
Following a thorough examination, phrases such as 
racial, health, care, black, ethnic, white, population, 
socioeconomic status, sexual and others appeared 
in most papers on cancer disparities. Interestingly, 
rare topics like obesity, dental, children, school and 
discrepancy emerge from the models. As a result, it 
is safe to assume that these racial and ethnic 
minority groups, countries’ economically 
disadvantaged classes, and, in general, those with 
less representation or resources become the targets 
of cancer disparities. The paper also includes figures 
from PyCaret and BERTopic, such as hierarchical 
clustering, similarity matrix, and Topic word scores. 
These analyses can be valuable in developing 
additional ways for more standardized cancer 

treatment, reducing existing disparities among 
minorities. 

Future Recommendation 
To eliminate cancer disparities, government, 
private, non-profit institutions and individuals need 
to be actively involved in policies guiding cancer 
research, prevention, and treatment. Also, other 
rare terms discussed in the conclusion need further 
research, even though it is a challenging goal. 
Furthermore, a thorough examination of the 
various individuals affected by cancer and how they 
differ in their treatment compared to the more 
privileged and minority classes need to be carried 
out. Most importantly, Artificial Intelligence can be 
used to detect these subjects and act as a catalyst 
in many cancer treatment processes starting from a 
cancer diagnosis. 
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