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Abstract 

Understanding the underlying themes in presidential speeches is critical for analyzing political discourse and 

determining public policy direction.  However, topic modeling in this context presents difficulties, particularly when 

clustering semantically rich topics from high-dimensional embeddings.  This study seeks to improve topic modeling 

performance by incorporating a Neural Network Clustering (NNC) approach into the BERTopic pipeline.  We 

analyze 2,747 speeches delivered by U.S President Joe Biden (2021-2025) and compare three clustering techniques: 

HDBSCAN, KMeans, and the proposed Autoencoder-based NNC.  The evaluation metrics (UMass, NPMI, Topic 

Diversity) show that NNC produces the most coherent and diverse topic clusters (UMass = -0.4548, NPMI = 0.0234, 

Diversity = 0.3950, ).  These findings show that NNC can overcome the limitations of density and centroid-based 

clustering in high-dimensional semantic spaces. The study contributes to the field of Natural Language Processing 

by demonstrating how neural-based clustering can improve topic modeling, particularly for complex, real-world 

political corpora. 
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1. INTRODUCTION 

Advancements in information technology have significantly transformed human access to 

information and data processing, particularly within the realm of political and state communication.  The 

official speech of the head of state stands as a significant product of political communication. It serves 

as a prominent and transparent medium, functioning not merely as a political vehicle but also reflecting 

the nation's political orientation, governance style, and socio-economic attributes.  Presidential speeches 

serve as strategic texts, embedding both implicit and explicit messages, thus warranting systematic 

analysis from various perspectives[1].  In the realm of text-based investigation, Topic Modeling has 

emerged as a widely utilized method for identifying the primary themes within document collections, 

all without the need for explicit labeling.  A contemporary method that delivers exceptional results in 

topic extraction is BERTopic, which integrates Transformer-based embeddings with dimensionality 

reduction and clustering strategies[2].  BERTopic provides a significantly improved semantic 

representation of documents when compared to conventional techniques like Latent Dirichlet 

Allocation[3]. However, the predominant clustering method utilized in BERTopic, HDBSCAN, falls 

short in its capacity to uncover more intricate latent structures, particularly within high-dimensional 

datasets[4]. 

 To address these limitations, this study integrates BERTopic with an Autoencoder-based Neural 

Network Clustering (NNC) approach.  This method leverages the capacity of artificial neural networks 
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to capture non-linear relationships among documents, transforming them into a lower-dimensional latent 

space, and subsequently applies the KMeans algorithm for clustering[5].  Consequently, the process of 

identifying topics is refined and organized effectively. 

 This study analyzes the official speech of the President of the United States, selected for its 

historically significant global policy content.  The information utilized is derived from the transcripts of 

President Joe Biden's speeches throughout his term from 2021 to 2025. 

 This study employs a combination of BERTopic and NNC to uncover the primary themes present 

in the speeches. Additionally, it seeks to compare the modeling outcomes generated by traditional 

methods like HDBSCAN with those produced by the proposed Neural Network Clustering approach. 

 This approach aims to enhance the development of techniques for analyzing policy texts through 

topic modeling and deep clustering, thereby reinforcing a data-driven understanding of official political 

discourse and the formulation of government policies. 

2. METHOD 

This study presents an integrated approach that combines neural network–based clustering, 

specifically Deep Embedded Clustering (DEC), with the BERTopic framework to analyze thematic 

patterns in U.S. presidential speeches. The process begins with transcript preprocessing, followed by the 

generation of semantic sentence embeddings using a transformer-based language model. These 

embeddings are clustered into semantically coherent groups using DEC, which are then processed 

through BERTopic to extract and visualize key themes using class-based TF-IDF (c-TF-IDF). This 

framework enables the identification of evolving discourse trends across election cycles, offering 

insights into shifting public sentiment and political priorities. The model’s performance is evaluated 

through topic coherence and diversity metrics, demonstrating its effectiveness in enhancing the 

interpretability and accuracy of thematic analysis in political speech. 

The overall architecture of this research workflow is illustrated in Figure 1. It outlines the 

sequential steps starting from data collection and preprocessing, followed by embedding and 

dimensionality reduction. Three clustering methods HDBSCAN, KMeans, and NNC are applied to the 

reduced embeddings. The resulting topic structures are evaluated to compare performance across 

clustering strategies, particularly in terms of coherence and topic diversity. 

 

 
Figure 1. Flowchart Research 
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2.1. Data Collection Technique 

The data was obtained through the application of web scraping methods[6].  This method extracts 

the complete text from the specified website by modifying the HTML structure and systematically 

storing it in a MySQL database.  

 The extraction process was conducted utilizing Python alongside the BeautifulSoup4 library, 

enabling the automated retrieval of text from a website according to its HTML framework.  The 

collected data is preserved in SQL format for subsequent analysis and processing. 

2.2. Pre-Processing  

Prior to Topic Modeling, the data needs to undergo multiple preprocessing stages. The purpose 

of this preprocessing is to organize the data and guarantee that only pertinent words are examined[7].  

Preprocessing plays a crucial role in converting text from human language into a format that machines 

can understand in text mining methodologies [8].  The preprocessing stage is crucial for organizing 

unstructured text and retaining key terms that aid in defining the topic category of the text[1][9].  Natural 

language text often includes numerous words that lack specific meaning, including prepositions and 

pronouns.  To streamline the text data, purify the data, and minimize interference. 

2.3. Topic Modeling 

Topic modeling is an unsupervised machine learning method that facilitates the automatic 

identification of abstract topics or themes within an extensive corpus of documents[10][11].  It is 

extensively utilized in natural language processing (NLP) and text mining to discern latent semantic 

structures present in a corpus, without requiring pre-labeled data. Topic modeling operates under the 

premise that documents comprise a combination of latent topics, each characterized by a distribution of 

words.  Conventional models like LDA examine word co-occurrence to deduce structure, whereas 

contemporary methods such as BERTopic improve upon this by integrating contextual embeddings to 

produce more coherent and significant topics[12]. 

2.4. BERTopic 

BERTopic is a model based on Transformers that comprehensively grasps text context in both 

directions, leading to text representations that are deeply infused with semantic significance[13] [14].  

This is employed in BERTopic to construct topic representations via a sequence of methodical steps.  

This framework integrates word embedding, dimension reduction, and clustering algorithms to create 

semantically similar clusters[15].  This method utilizes BERT's capabilities to generate superior 

document embeddings, facilitating more precise and pertinent topic identification. 

2.5. Transformers Embedding 

BERTopic begins by converting our input papers into numerical forms[16] [17]. Though there 

are several methods to do this, we usually employ sentence-transformers ("all-MiniLM-L6-v2") since 

they are rather good at identifying the semantic similarity between papers.   

2.6. Dimentionality Reduction 

The document or textual data that has been transformed into a vector will undergo the clustering 

process. The initial step involves dimensionality reduction, commonly referred to as dimension 

reduction, utilizing the Uniform Manifold Approximation and Projection (UMAP)[18]. Dimensionality 

reduction involves a technique aimed at minimizing the volume of data that persists following the 

creation of embeddings. This process will produce data that is akin to a vector, albeit with reduced 

dimensionality. 
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2.7. Clustering 

This study employs an autoencoder-based NNC approach as a substitute for traditional clustering 

techniques like HDBSCAN[4][5].   An autoencoder comprises a deep neural network architecture 

featuring two primary components: the encoder and the decoder[19].  The encoder transforms a high-

dimensional input into a lower-dimensional latent representation, whereas the decoder strives to 

reconstruct the original input from that representation[20][21][22]. 

 The encoder function can be expressed mathematically by Equation (1): 

𝑧 =  𝑓(𝑥) =  𝜎(𝑊ₑ · 𝑥 +  𝑏ₑ)    (1) 

where: 

• 𝑥 ∈  ℝⁿ  = input feature vector from document embeddings 

• 𝑧 ∈  ℝᵐ = lower dimensional latent representation with m < n 

• 𝑊ₑ  = weighted encoder 

• 𝑏ₑ = bias encoder 

• 𝜎  = non-linear activation function 

 

The decoder is in charge of reconstructing the original data from the latent representation. The 

decoder function is given by Equation (2): 

𝑥  =  𝑔(𝑧)  =  𝜎(𝑊_𝑑 · 𝑧 +  𝑏_𝑑)        (2) 

The Autoencoder training process aims to minimise the loss of the reconstruction function, 

generally using the mean squared error. This loss function is defined in Equation (3): 

𝐿_𝑟𝑒𝑐(𝑥, 𝑥 )  =  ∑ᵢ (𝑥ᵢ −  𝑥 ᵢ)²     (3) 

Upon completion of the training process and achieving model stability, the output from the latent 

layer serves as a novel representation for the documents.  The representation is subsequently clustered 

utilizing the KMeans algorithm, focusing on minimizing the distance between documents and cluster 

centers. The objective function of KMeans is expressed in Equation (4): 

𝑎𝑟𝑔 𝑚𝑖𝑛_𝐶 ∑ᵢ = 1^𝑘 ∑_{𝑥ⱼ ∈  𝐶ᵢ} ||𝑥ⱼ −  𝜇ᵢ||²    (4) 

This method involves processing the embedding result vector generated by the model transformer 

(BERTopic) through an Autoencoder, which uncovers the latent structure of the data, thereby enhancing 

its suitability for clustering.  Subsequently, a KMeans algorithm is employed to categorize the 

representation into more distinct and meaningful topic clusters.  In contrast to density-based clustering 

methods like HDBSCAN, which are influenced by parameters such as minimum cluster size and 

distance threshold, the NNC approach effectively captures the non-linear relationships between 

documents, enhancing cluster separability in low-dimensional feature spaces. 

2.8. Model Evaluation 

In assessing the quality of topics produced by different topic modeling approaches, the author 

employs two coherence score metrics: UMASS and NPMI.  The two metrics commonly serve to evaluate 

the semantic coherence among words within a given topic[8]. 

2.8.1  UMass 

The UMas metric assesses the coherence score by analyzing the frequency of word occurrences 

within the same topic throughout the document[23].  UMass assesses the likelihood of a word pair co-
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occurring within a document and contrasts it with the individual likelihood of one of the words in the 

pair[24]. 

 The mathematical representation of UMass is calculated using Equation (5):  

𝐶𝑈𝑀𝑎𝑠𝑠(𝑇) =  
2

𝑁(𝑁−1)
∑ ∑ log

𝑝(𝑤𝑖,𝑤𝑗)+ 
1

𝐷

𝑝(𝑤𝑗)

𝑖−1
𝑗=1

𝑁
𝑖=1   (5) 

where: 

• T={w1,w2,…,wN} : list of words in topic. 

• p(wi,wj) : the probability of two words wi and wj co-occurring in the document (context). 

• p(wj) : the probability of word wj appearing in the document. 

• N : word count in the topic. 

• D : total number of documents in the corpus. 

2.8.2  NPMI 

In addition to UMASS, we utilize Normalised Pointwise Mutual Information (NPMI)[25].  This 

metric assesses the degree of association between words within a topic relative to their standalone 

occurrences[26].  NPMI computes the Pointwise Mutual Information (PMI) in a normalized manner, 

ensuring that the outcome falls within the range of -1 to 1[27].  NPMI is formulated as shown in Equation 

(6): 

𝑁𝑃𝑀𝐼(𝑤𝑖, 𝑤𝑗) =  (
𝑃𝑀𝐼

− log(𝑝(𝑤𝑖,𝑤𝑗)+ 𝜖)
)           (6) 

The equation formulates the rate at which words co-occur in a given corpus, known as PMI is 

calculated by Equation (7): 

𝑃𝑀𝐼(𝑤𝑖, 𝑤𝑗) = log
(𝑝(𝑤𝑖,𝑤𝑗)+ 𝜖)

(𝑝(𝑤𝑖).  𝑝(𝑤𝑗)
           (7) 

where: 

• p(wi,wj) : the probability of two words wi and wj co-occurring in the corpus. 

• p(wi) : the probability of the word wi appearing in the corpus. 

• p(wj) : the probability of word wj appearing in the corpus. 

• ϵ : small value to prevent the logarithm of zero. 

3. RESULT 

3.1. Data Collection 

This study utilizes a corpus composed exclusively of official speeches delivered by U.S. President 

Joe Biden, sourced from the official White House website. A total of 2,747 speech transcripts were 

collected, covering the full duration of his presidential term from January 20, 2021, to January 19, 2025. 

These textual transcripts serve as the primary dataset for the topic modeling analysis conducted in this 

study 

3.2. Data Prepocessing Result 

Following an extensive preprocessing phase of the speeches delivered by the President, Vice 

President, and First Lady, a total of 2,747 cleaned textual documents were successfully extracted and 

prepared for topic modeling. The preprocessing pipeline included several standard natural language 

processing steps, such as converting all text to lowercase, removing punctuation, numeric characters, 
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and stopwords, and applying n-gram-based tokenization to preserve multi-word expressions. These steps 

aimed to reduce noise while retaining semantically meaningful content. The cleaned text was then stored 

in a dedicated column labeled Preprocessed_Content, which served as the primary input for the 

subsequent embedding and topic modeling processes. 

3.3. Topic Result 

During the topic modeling process, three distinct clustering algorithms were employed alongside 

the BERTopic framework to uncover latent themes within the corpus: HDBSCAN, KMeans, and NNC. 

Each model was configured to generate 20 topics, allowing for a fair comparison across the different 

approaches. 

3.3.1. HDBSCAN Method 

 

Table 1. Result of HDBSCAN 

Topic Count Name 

-1 787 worker_lead_folk_create 

0 291 vice_president_freedom_vice_fight 

1 269 vote_deal_president_happen 

2 203 security_economic_climate_continue 

3 186 folk_percent_pay_big 

4 150 woman_care_issue_business 

5 146 economy_cost_economic_plan 

6 126 school_business_investment_future 

7 103 life_stand_bring_live 

8 88 climate_administration_issue_investment 

9 84 support_security_continue_stand 

10 70 help_state_home_sure 

11 65 life_family_nation_climate 

12 46 percent_month_continue_school 

13 41 great_history_home_thank thank 

14 26 vice president_vice_business_fight 

15 19 security_continue_end_issue 

16 17 care_freedom_fight_vice president 

17 15 child_home_family_protect 

18 15 woman_care_lead_life 

 

 
Figure 2. HDBSCAN Plot 
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The clustering approach using HDBSCAN produced 20 distinct topics, along with a significant 

number of documents (787 instances) classified as outliers under topic -1, indicating content that did 

not strongly align with any specific cluster. The analysis identified recurring themes such as freedom, 

economic policy, healthcare, and investment in education based on the topics generated by HDBSCAN. 

These results are summarized in Table 1, while the topic distribution and outlier separation are visualized 

in Figure 1. 

3.3.2. KMeans Method 

Meanwhile, the KMeans clustering approach produced a more balanced distribution of topic 

assignments, without generating any outlier labels. The topics identified through KMeans analysis 

similarly revealed recurring themes related to security, the economy, education, and women's issues, 

indicating a level of thematic consistency that extends across cluster boundaries. These results are 

summarized in Table 2, while the topic distribution are visualized in Figure 2. 

 

Table 2. Result of KMeans 

Topic Count Name 

0 107 security_support_continue_stand 

1 185 percent_pay_folk_lot 

2 128 worker_business_investment_administration 

3 164 deal_president_able_happen 

4 87 plan_make sure_sure_care 

5 161 life_family_live_history 

6 182 freedom_care_vote_woman 

7 249 freedom_life_nation_history 

8 109 school_child_community_life 

9 111 folk_pay_worker_big 

10 185 woman_care_issue_law 

11 51 percent_school_month_continue 

12 44 great_home_history_use 

13 145 economy_economic_cost_plan 

14 179 vice president_vice_freedom_fight 

15 92 climate_investment_economic_new 

16 142 vote_vice president_happen_believe 

17 65 help_home_state_climate 

18 97 protect_history_continue_security 

19 264 security_economic_climate_continue 

 

 
Figure 3. KMeans Plot 
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3.3.3. NNC Method 

The suggested method for Neural Network Clustering resulted in the formation of 20 distinct topic 

clusters. Interestingly, NNC demonstrated more distinct topic differentiation in specific areas, including 

clusters that focused on community support, climate investment, and the roles of vice presidents. While 

there are some overlaps with other models, NNC provided a unique latent representation that improved 

the differentiation of policy-related discussions. These results are summarized in Table 3, while the topic 

distribution are visualized in Figure 3. 

 

Table 3. Result of NNC 

Topic Count Name 

0 52 percent_school_month_continue 

1 252 pay_folk_percent_big 

2 147 vote_vice president_happen_vice 

3 109 folk_change_child_home 

4 156 life_family_history_member 

5 249 security_economic_issue_continue 

6 246 freedom_vice president_fight_vice 

7 84 security_protect_history_american 

8 154 woman_issue_care_vice president 

9 154 economy_cost_economic_plan 

10 92 school_child_future_community 

11 105 security_support_stand_continue 

12 119 climate_investment_administration_new 

13 140 deal_president_happen_able 

14 158 care_child_community_live 

15 41 great_history_home_thank thank 

16 221 freedom_vice president_vice_history 

17 28 vice president_vice_fight_business 

18 95 help_state_home_sure 

19 145 worker_business_investment_administration 

 

 
Figure 4. NNC Plot 

3.4. Model Evaluation 

Model evaluation is an important phase in topic modeling because it allows for an assessment of 

both clustering quality and topic coherence.  This study used four key evaluation metrics: the Davies-

Bouldin Index (DBI), UMass, NPMI, and Topic Diversity. 
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3.4.1. Davies-Bouldin Index (DBI) 

The DBI determines the compactness and separation of clusters.  A lower DBI score indicates 

better clustering, as the clusters are both tight and well separated from one another.  NNC had the lowest 

DBI score of the three models, indicating that its clustering structure was the most effective for intra-

cluster similarity and inter-cluster dissimilarity.  Table 4 summarizes the DBI evaluation results. 

 

Table 4. Evaluation of DBI 

Model Score 

HDBSCAN 1.5361 
 

KMeans 1.1737 

NNC 1.1674 

 

3.4.2. UMass 

The UMass coherence score assesses semantic coherence of topics by calculating the co-

occurrence frequency of words within documents.  Higher UMass scores (closer to zero) indicate 

improved topic coherence.  All models generated similar UMass scores.  NNC performed slightly better 

than KMeans and HDBSCAN, with scores close to zero indicating moderate coherence.  The evaluation 

results are presented in Table 5. 

 

Table 5. Evaluation of UMass 

Model Score 

HDBSCAN  -0.8214 

KMeans -0.8179 

NNC -0.7485 

 

3.4.3. NPMI 

NPMI is a semantic-based coherence metric that measures the frequency with which words 

within a topic co-occur more than by chance.  Higher NPMI scores indicate improved semantic 

consistency.  NNC had the highest NPMI score, implying that the topics it generated were more 

semantically coherent.  KMeans followed closely, with HDBSCAN producing slightly lower results.  

Table 6 shows the results. 

      

Table 6. Evaluation of NPMI 

Model Score 

HDBSCAN  0.0916 

KMeans 0.0894 

NNC 0.0918 

 

3.4.4. Topic Diversity 

Topic Diversity assesses the proportion of unique words among all topic keywords, which 

serves as an indicator of redundancy.  Higher diversity scores indicate that the topics include a broader 

range of vocabulary.  NNC once again outperformed the other models, producing topics with the most 

lexical variety, while HDBSCAN and KMeans had identical scores.  The evaluation results are shown 

in Table 7. 
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Table 7. Evaluation of Topic Diversity 

Model Score 

HDBSCAN  0.800 

KMeans 
0.790 

 

NNC 0.815 

 

Figure 5 shows a metric chart comparing the performance of three clustering algorithms, 

HDBSCAN, KMeans, and NNC, using four assessment metrics: Davies-Bouldin Index (DBI), UMass, 

NPMI, and Topic Diversity.   

 

 
Figure 5. Comparative Metrics Chart 

 

4. DISCUSSIONS 

This section presents the results of topic modeling conducted using the BERTopic framework, 

integrating three distinct clustering algorithms: HDBSCAN, KMeans, and a custom-designed NNC 

methods. The evaluation focused on each model’s ability to generate semantically coherent and diverse 

topics from a corpus of 2,747 preprocessed presidential speeches delivered by Joe Biden during his 

tenure. 

The HDBSCAN-based model successfully identified several important themes, including 

freedom, economic policy, and climate administration.  However, it generated a large number of outliers, 

with 787 documents assigned to the noise cluster (Topic -1).  This result is consistent with HDBSCAN's 

nature as a density-based algorithm designed to exclude documents that are not strongly associated with 

any particular cluster.  While this characteristic is useful for detecting ambiguous or weakly related 

content, it had an impact on overall cluster compactness and separation, as evidenced by the highest 

Davies-Bouldin Index (DBI) score of 1.5361 among the three models.  Semantic coherence was also 

relatively low, with a UMass score of -0.8214 and an NPMI of 0.0916 indicating moderate consistency.  

The model's topical diversity score was 0.800. suggesting some redundancy in the topic vocabularies. 

In contrast, the KMeans model produced more compact and evenly distributed clusters, with all 

documents assigned to one of the 20 clusters; no outliers were found.  This resulted in greater intra-

cluster similarity and inter-cluster separation, as evidenced by a lower DBI score of 1.1737.  The model 

also demonstrated slightly better semantic coherence than HDBSCAN, with a UMass score of -0.8179, 

though its NPMI value was slightly lower at 0.0894.  Topic diversity remained unchanged from 

HDBSCAN (0.800), indicating that lexical variety did not improve significantly. 

Meanwhile, the proposed NNC model produced the best overall results.  It had the lowest DBI 

score (1.1674), indicating the most compact and well-separated clustering structure.  In terms of 
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coherence, NNC achieved the best UMass score of -0.7485, indicating greater semantic alignment 

among topic keywords.  Furthermore, NNC achieved the highest NPMI score of 0.0918, indicating 

stronger word co-occurrence consistency, and outperformed the other models in topic diversity with a 

score of 0.815, indicating broader lexical coverage. 

Finally, the evaluation shows that the clustering algorithm used has a significant impact on the 

structure, coherence, and lexical richness of BERTopic-generated topics.  While each method has its 

own set of advantages, neural network-based clustering (NNC) consistently outperforms both 

HDBSCAN and KMeans on key metrics, achieving the lowest DBI, highest coherence (UMass and 

NPMI), and greatest topic diversity.   

This study contributes to BERTopic research by extensively comparing traditional (HDBSCAN, 

KMeans) and neural clustering methods on a politically significant, large-scale corpus.  The results 

reveals that deep clustering not only improves traditional evaluation metrics but also increases 

interpretability by providing semantically richer subjects, which is critical for fields such as political 

discourse analysis, policy monitoring, and media studies.  By incorporating NNC into BERTopic, we 

provide a methodological pathway for improving topic modeling in contexts requiring nuanced semantic 

differentiation and broad lexical representation, filling a gap in the literature where clustering innovation 

has received less attention than embedding optimization.  This contribution has significance for future 

political NLP research, as well as any application that requires structural precision and semantic depth 

in topic extraction. 

5. CONCLUSION 

This study improves neural clustering-based topic modeling for political text analysis by 

incorporating a proprietary Neural Network Clustering (NNC) method into the BERTopic framework. 

The approach was applied to 2,747 official speeches by US President Joe Biden and revealed that 

clustering decision has a significant impact on topic coherence, lexical diversity, and interpretability. 

While HDBSCAN and KMeans provided useful baselines for capturing core themes and balanced 

cluster structures, respectively, NNC consistently generated better findings, with the lowest Davies-

Bouldin Index, the highest coherence (UMass and NPMI), and the highest topic diversity. 

The primary contribution of this research is to demonstrate that deep learning-driven clustering 

can significantly improve topic modeling in the political arena, particularly for corpora where small 

semantic distinctions are critical for interpretation. This study emphasizes the clustering stage as a 

powerful, underutilized lever for increasing both the structural quality and semantic richness of subjects, 

pushing beyond embedding optimization. This has obvious implications for computational political 

science, enabling more reliable tracking of policy narratives, ideological framing, and rhetorical 

alterations in political discourse. 

Future research can extend this work by overcoming its current constraints.  One intriguing path 

is to expand to multilingual corpora, which would allow for the investigation of topic evolution across 

different languages and cultural situations, opening up new possibilities for global comparative political 

discourse studies.  Another option is to incorporate supervised guidance or domain-specific ontologies 

into the modeling pipeline, which will drive topic generation toward more task-relevant and 

interpretable outputs. 

Furthermore, improving the neural clustering architecture itself such as by using attention 

mechanisms or contrastive learning has the potential to sharpen the boundaries between semantically 

adjacent topics, increasing the granularity and richness of the extracted themes. Following these paths 

will establish NNC integration within BERTopic as a stable and adaptable process for creating high-

fidelity subjects in complicated and high-stakes domains, including political communication and policy 

analysis. 
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