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 Using natural language processing (NLP) and artificial intelligence (AI), this 

study analyzes the frequencies of words and phrases in political leaders’ 

speeches to track patterns in political discourse. The objective is to identify 

language patterns, sentiments, and topics of political addresses using state-

of-the-art methods like automatic transcription (Whisper), Bidirectional 

gated recurrent unit (GRU) for sentiment analysis, and BERTopic. Through 

the use of Whisper’s state-of-the-art transcription service, we were able to 

transcribe the political speeches into machine-readable text, which in turn 

provides for other types of analysis. Bidirectional GRU classifies sentiment 

as positive, negative, or neutral with the aim to study how politicians use 

sentiment to manipulate their listeners. Furthermore, we use BERTopic for 

tracking the evolution of rhetoric, key trend summarisation, and topic mining 

and analysis. It illustrates how politicians employ discursive strategies and 

epilinguistic elements to manage the public mind and reality. Achievements 

and objectives are framed with positive and defensive emotions aimed at 

threats or criticisms. The emotional grab of it all is still important. It locates 

in these the thematic coherence and shifting sentiment that lie at the heart of 

political storytelling. It shows how political communication is evolving to 

stay relevant in the digital media age and delivers language – even real-time 

language pattern tracking – via the use of AI and big data. Further study is 

needed of multimodal and flexible techniques for analysing political 

discourse across languages and time periods.  
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1. INTRODUCTION 

The predictable, as history teaches us, is that political speeches are routinely used as part of this 

broader panoply of communication strategies that may range from articulating policy positions to rallying 

public opinion and changing societal attitudes [1], [2]. A lot of the use of rhetoric and differences in language 

(such as tone) tends to revolve around evoking a sentiment or building trust [2], [3]. In this information age 

such as time on the web and speeches airing to the whole society, Speech Archives’ history and also 

emotional analysis of speakers and speeches for speech by topic are becoming more important than before so 

needed [4], [5]. Regarding public speech; I think the research may has also interest with respect to discussive 

movements, especially in the polarised political world of today, rather than just about broad movement and 

rationale of agents [6]–[8]. 

The improved access to computational tools has transformed the study of political speeches [9]–[11]. 

Speeches naturally share commonalities and distinctive features, and natural language processing (NLP) and 
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AI technologies have evolved into essential tools for dissecting the linguistic and emotional dimensions 

contained within speeches [12]–[14]. Traditional forms of qualitative analysis may miss the opportunities 

available through these technologies which can reveal patterns, sentiment trajectories and thematic structures 

[15]–[17]. For example, sentiment analysis provides a means for gauging the emotional tone of speeches, and 

topic modeling provides insight into key themes and priorities of political leaders [18]–[20]. 

Prior work on sentiment analysis and topic modelling of political communication usually focused on 

individual aspects and was mostly focussed on written text, for example, manifestos or social media 

messages. To the best of our knowledge, no work has combined automatic speech transcription, deep 

learning-based sentiment classification, and transformer-based topic modeling into a coherent pipeline for 

spoken political discourse analysis. This research addresses that gap by using a range of advanced 

transcription capabilities of whisper, the Bidirectional gated recurrent unit (GRU) networks for sentiment 

detection, and BERTopic for thematic exploration to provide a full framework that can be used to demystify 

how political leaders are influencing language deployment over time and space. 

This study focuses on two major goals, analyses speech patterns of political leaders’ speeches 

through NLP and AI in order to recognize trends and analyze the effect of their usage on political speech, and 

identifies linguistic markers and performs sentiment analysis of political leader’s speeches for understanding 

implication of their speech on public perception. OpenAI's Whisper is used to perform speech-to-text 

processing, and a Bidirectional GRU model for sentiment analysis and BERTopic for topic modeling. 

Whispers ensuring transcribing political speeches regardless of its background or the name of the language to 

a correct transcription and Bidirectional GRU proclaims the sentiments lessons that reflect speeches 

emotional perspectives BERTopic further adds new dimensions of analysis, showing the thematic trends 

across all of these various speeches, giving insight into the strategies of political leaders. 

The results reveal the nature of political communication in the digital media era. They reveal how 

politicians craft messages that reflect the spirit of their times, by playing on certain emotions and shaping 

public opinion. Then we can look at some more esoteric topics that only begin to scratch the surface of NLP 

and AI. This work is more generally of a piece with recent scholarly work using AI to engage in political 

discourse analysis, including sentiment analysis and topic modeling for political communication [21], [22]. 

The paper advances the field of computational social science through the development of methodology for 

studying political language and by revealing deep connections between language, sentiment, and public 

opinion. 

 

 

2. METHOD 

Using a systematic approach and drawing on advanced NLP and AI tools, this study dissects the 

speech patterns of political leaders. The pipeline itself comprises three major steps: speech to text, sentiment 

extraction and topic modeling. This multi-tiered approach was designed to be both reproducible and 

interpretable, but also to maintain a high level of accuracy of worked political rhetoric. Every part of the 

pipeline-ASR, SA and TM-was built using the latest available models and cross-validated datasets to 

generate actionable information about discourse patterns. 

For a better overview of the entire study architecture, the envisaged NLP-AI workflow is illustrated 

in figure. The pipeline is initiated by Whisper to automatically transcript political speeches, Bidirectional 

GRU to classify the sentiment of the speeches, and BERTopic for thematizing speeches. This structured 

pipeline helps to perform reproducible and modular processing of speech data, and combines state-of-the-art 

deep learning and topic extraction methods towards the goal of analysing political discourses in a holistic way. 

This Figure 1 illustrates the intended three stage pipeline: Whisper for transcript, Bi-GRU for 

sentiment and BERTopic for topic modeling. Each layer converts unstructured speech data to structured 

knowledge specific to political communication. 

 

 

 
 

Figure 1. Workflow for AI-driven political speech analysis pipeline 
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2.1.  Speech-to-text conversion with whisper 

The first step is transcribing audio clips of political speeches into text, which will be done using 

Whisper a state-of-the-art speech recognition model. Whisper: A state-of-the-art transcription service known 

for its high accuracy and resilience to different accents, languages, sounds, and conditions (ambient sounds). 

As a result, the transcripts are accurate, which is a solid foundation for subsequent text analysis. Whisper’s 

capabilities allow detailed linguistic and thematic investigations by transforming speeches into structured text 

data. In the present work, the audio files were obtained from publicly accessible platforms (i.e., YouTube) 

via yt-dlp and transformed to. wav format. The files were pre-processed with librosa to be compatible with 

the large-v2 model of Whisper, which needs to work with the uniform sampling rate and a clean waveform 

form. Transcription was carried out by Whisper and the results were high-quality and sentence-segmented in 

UTF-8. These timestamped structured texts were used to maintain consistent and reproducible downstream 

natural language processing tasks such as sentiment classification and topic modeling. 

 

2.2.  Sentiment analysis with bidirectional GRU 

For sentiment analysis in political speeches, a Bidirectional GRU network was used to analyse the 

emotional tone embedded in dialogues. Trained on a labeled database of political speech texts, this deep 

learning model was able to classify sentiments as positive, negative, or neutral. The model saw the context of 

the words before and after through its bidirectional architecture, thus making it better at detecting sentiments. 

The sentiment scores generated by this analysis revealed information on the emotional tactics political 

leaders use to motivate their base and influence public opinion.  

As illustrated in Figure 2, the two-direction gated cyclic unit model consists of a forward cyclic unit 

and a reverse cyclic unit. Such units comprehend relationships among previous and future information, 

facilitating a more exhaustive comprehension of the input by keying in the data to said sequence. Both types 

of units process the current input and the hidden state from the previous timestep to produce the current 

hidden state. This model uses gating mechanisms (forget, input, and output gates) to control the information 

flow. These gates employ sigmoid functions to discard unnecessary information and keep valuable ones [23], 

[24]. The forget gate determines how much of the previous information should be let go, the input gate tells 

what new information should be added to the cell and the output gate controls what hidden state information 

should be passed to the next layer. Interestingly, the bidirectional gated cyclic cell has good memory, as it is 

able to update hidden states continuously and retains information history for improving prediction or 

classification tasks. Also, its gating mechanism helps to mitigate registration problems such as gradient 

vanishing or explosion, improving general stability and training efficiency especially for long sequence data. 

Optimal is another recent transformer-based work which also reports good performance specifically in the 

task of political sentiment classification, and is shown to work particularly well on low-resource and code-

mixed languages [25], [26]. The sentiment classifier was built with a Bidirectional GRU model. The model 

was incorporated within a pipeline in which political speeches first spoken were transcribed with Whisper, 

and then input to the GRU for emotion prediction. Though the exact training settings, including the type of 

optimizer and the initialisation of the embedding and the like are not recorded in the output, the final model 

was able to accurately predict the sentiments as being positive, negative or neutral. As a result of the 

sentiment output as well as with the topic characterization using BERTopic, a full and interpreted estimation 

of the trends in political speeches was possible. 

 

 

 
 

Figure 2. Architecture of the bidirectional gated recurrent unit model 
 

 



Int J Inf & Commun Technol  ISSN: 2252-8776  

 

Harnessing NLP and AI to decode political discourse: speech patterns, sentiment … (Malayaj Kumar) 

677 

2.3.  Topic modeling with BERTopic 

An advanced topic modeling algorithm (BERTopic) was utilized to discover thematic trends across 

the speeches. BERTopic is a topic modeling framework that utilizes machine learning and natural language 

processing techniques to extract coherent topics along with their distributions in the documents. Not only did 

the supervised approach identify those key themes, but in doing so it tracked the evolution of those themes 

over time, providing insight into recurring priorities and strategies in political rhetoric. By making thematic 

associations explicit, BERTopic helped reveal deeper narratives within the leaders’ use of language. 

Modeling was performed with sentence-level embeddings, which were computed with sentence-BERT (all-

MiniLM-L6-v2). Dimension reduction was performed on these high-dimensional embeddings with uniform 

manifold approximation and projection (UMAP), and the topic groups were clustered with HDBSCAN. In 

order to make the models more interpretable, preprocessing steps, which included lemmatization, token 

standardization, and stopword removal, were taken. BERTopic’s dynamic topic tracking also enabled the 

visualisation of theme changes through time and correlated major topic spikes to artefacts of political events, 

such as elections or policy announcements. Allowing an in-depth analysis of political speeches, this multi-

step process incorporates transcription, sentiment analysis, and topic modelling to yield valuable insights into 

political discourse. All stages of the analysis methods were empirically tested and logically sequenced and 

are provided to lay the groundwork for reproducibility and allow other researchers to reproduce the process 

or build upon it.  

 

 

3. RESULTS AND DISCUSSION 

Our Bidirectional GRU model performed with high correlation between context-aware sequence 

modeling and sentiment classification with an overall test accuracy of 95%. The proposed approach of this 

study was inclined to predict disproportionately the number of correct classifications of neutral and positive 

sentiments as evidenced by the confusion matrix whereby Class 2 scored 100% classification accuracy and 

Class 0 well over 98%. Historically, misclassifications based on Class 1 (negative) sentiment were the most 

common, possibly because this type of negative criticism or aggressive language overlapped in many cases 

with one another. The model’s precision and recall are both 92% and 98%, respectively, and along with its 

F1-score (95%), show strong performance on emotion categories. The theme analysis using BERTopic 

identified commonalities in the rhetoric centred on economic recovery, national security and collective 

identity, contributing original understanding of how political leaders tailor their language to audience 

expectations and changing sociopolitical landscapes. Table 1 provides a concise overview of the key layers in 

the model, including their output shapes and the number of trainable parameters. 

 

 

Table 1. Partial data 
Layer (Type) Output shape Param # 

Embedding_2 (Embedding) (None, 379, 512) 2,231,808 
Bidirectional_2 (Bidirectional) (None, 1024) 3,151,872 

Dense_2 (Dense) (None, 3) 3075 

 

 

Figure 3 describes the training evolution of the model for both accuracy and loss over epochs with 

easily distinguishable markers and line styles. The accuracy curve (solid line with circular markers) appears 

to rise rapidly over the first few epochs with saturation happening quickly. This implies that model learns the 

underlying features present in the training set very fast. After that, the curve stays flatten, which means it has 

converged during training. 

On the contrary, the unassuming loss curve (indicated by a dashed line with square markers) quickly 

decreases in the beginning of the training phase and levels off on zero, indicating that the prediction error has 

almost been minimized. This corresponding dance between increasing accuracy and decreasing loss is the 

mark of a well-tuned model. The clear break-points where each curve starts to flatten marks the boundary 

between under- and over-fitting. Above this, additional training provides marginal returns and may overfit if 

not controlled. The Bi-GRU model is capable of obtaining and sustaining high levels of accuracy with low 

loss throughout the given epochs, indicating its capability to capture intricate temporal characteristics in 

sequential data. In this sense, its stability of performance confirms the robustness and the adequacy of this 

approach with the classification task at hand.  

The Bi-GRU model has great ability to capture bidirectional context, which is particularly effective 

in speech sentiment detection. Loss curve Convergence of the loss function takes place and the convinced 

that it is a good generalization. The confusion matrix shows very good precision in identifying neutrally or 
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positively sentimented ones with low misclassified instances, which are relatively higher for the negative 

class, suggesting some lexical overlapping between speech acts of different sentiment for political speech.  

Figure 4 shows model confusion matrix to visualize the classification of the three classes. The 

matrix is arranged according to the standard pattern its diagonal cells correspond to true classifications, off-

diagonal cells to misclassifications with the corresponding cells emphasized using crosshatched patterns. 

− Class 0 was well predicted, with 49 true-positives and 1 false-negative (which was classified as Class 2). 

− Class 1 was most confused with 39 being predicted correctly while 1 was mis-classified as Class 0 and 

4 as Class 2. 

− Class 2 was distinguished perfectly, with precision and recall both equal to 1 (zero false positives, false 

negatives). 

 

 

 
 

Figure 3. Accuracy and loss of bidirectionl GRU model 

 

 

 
 

Figure 4. Confusion matrix of sentiment classification model 
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The darkest cells on the diagonal represent the model’s high effective predictivity, and  

the patterned off-diagonal cells identify regions of uncertainty without using color-adhering to the need for 

the reader's use of black and white imagery. The above results are a testimony to the ability of the model, to 

discriminate well between classes according to learned features. The visual results are complemented with 

quantitative metrics: the model obtained 95% accuracy, 92% precision, 98% recall, and 95% F1-score in a 

test set. These results evidence the model performs well not only on fitting the training, but also generalizes 

well on the unseen data. The slightly lower error rate in Class 1 indicates that there is still room for 

improvement, however, in general, the model shows high dependability, strength, and applicability in text-

based emotion classification. 

Our findings imply that the superior sentiment classification performance with Bidirectional GRU 

does not come at the cost of impaired generalization over emotion types. The proposed approach leverages 

the ability of bidirectional architecture to model contextual dependencies without making a penalty in 

training efficiency or overfitting. Compared with work of Hossain et al. [21], where reverse LSTM model 

was used and achieved fair classification performance, we are able to get better F1-scores and less number of 

neutral and positive samples being misclassified. Likewise, in contrast to Al-Qablan et al. [22], in which they 

used traditional topic modeling such as LDA with the application of BERTopic in this study, however, a 

more coherent and dynamic extraction of topics as well as the tracking of rhetorical shifts was possible. 

These results demonstrate the importance of using speech transcription, deep learning and recent NLP-based 

topic modeling in an integrated pipeline for political discourse analysis. 

 

3.1.  Speech patterns and thematic trends 

A study of political speeches, looking at trends in speechwriting, rhetoric and history. Topics such 

as economic advancement, social justice and national security were recurring. This analysis was conducted 

through BERTopic, that allowed to understand not only when and the context where those topics are 

addressed, but also how leaders selected messages according to each audience’s specific needs. For example, 

in economic straits, they delivered speeches on recovery plans and the state of public finances. Conversely, 

unity was to be spoken of more in periods of relatively high perceived national security threats; so too was 

defence. The rhetorical pliancy is a reflection of how mobile political communication can be and how it takes 

the shapes required by turns in public mood and events on the world stage. 

These findings have important implications for computerized political analysis. The themematic 

model reveal the rhetorical similarity of issue framing, sentiments mapping show how happiness alignment 

corresponds to ongency. Another feature present in NLP-observable patterns is how political language as a 

whole can be altered (using positive language when there is growth or aggressive lexis during crisis) to 

illustrate the ways in which leaders attempt to emotionally reach their publics. 

 

3.2.  Sentiment dynamics 

Sentiment analysis showed that the spoken speeches were very different in emotional tone. Positive 

expressions were positively correlated with phrases of achievement, looking forward and the will for 

cooperation with others, presenting an optimistic vision that motivates PTT to take action. Negative long-

term attitudes related to the opposition and issues of failures, and flaws in the incomplete nature of system. 

Party leaders have to carry both emotions, projected as a path forward and then how we need to move on that 

there’s work that needs doing. This variation between sentiment dynamic also suggested to us those political 

speeches must indeed be designed to move the audience emotionally in addition to establishing speaker 

credibility and looking after any questions from the responsiveness of the audience. 

 

3.3.  Linguistic markers and public perception 

The study identified specific linguistic markers that have a meaningful impact on the way an 

audience understands information. The use of collective nouns such as "we," "our," and "together" made it 

feel like we are all in this together, a community of co-responsibility between the speaker and his audience. 

In contrast, combative language aimed at opposition parties tended to pair with negative sentiments, lending 

strength to the speaker’s base vis-a-vis the opposition. It highlights how politicians manipulate language to 

craft narratives and muster support. 

This research focuses mainly on verbal text, but excludes multimodal information like audio tone, 

facial expression, or gestural cues that play an important role in political delivery. Sentiment classification 

was based on a set of 2,500 manually labeled samples in the English language, thus introducing potential bias 

in the performance in underrepresented sentiment classes and limitations in cross-lingual and cross-cultural 

applicability. It should be noted that these limitations have been admitted in order to maintain transparency, 

and we recommend that future research efforts move toward multimodal analysis and cross-linguistic 

modelings to increase generalization to real-world scenarios. 
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These results are in line with prior work [21], [22], where RNN-fashioned models outperformed 

baseline classifiers in political sentiment analysis. We go one step further in our implementation, adding 

bidirectional flow in GRU layers to improve contextual information. The fact that previous works have used 

either LSTM, or static models, we believe that our solution is more efficient, scalable and accurate, and 

further reflects the writing trend of the present political NLP. 

 

3.4.  Implications for political discourse 

When used along with sentiment this gives a full view of political rhetoric. Where these patterns 

intersect, we can catch a glimpse of how leaders apply certain recurring tactics to elicit emotions from their 

listeners. This article ties thematic foci to dynamics of sentiment, providing a line of sight into how political 

communication has evolved. It observes that political talk is a vehicle through which the public is answered 

in its issues and that audiences are moulded. These findings tell us a lot about the cognitive mechanisms that 

drive how political debate works, and have implications for what it means to resolve political differences in 

an increasingly complex universe. 

 

 

4. CONCLUSION 

Findings have revealed that matching emotion and theme is involved in political speeches to a great 

extent. These results are compatible with the hypothesis that rhetorical switching is associated with decisions 

to consciously encode content and affect in specific linguistic systems, rather than being based solely on the 

(relative) frequency of words produced or amount spoken overall. It aims to decipher the linguistic 

techniques that political leaders implemented to customise their language and influence public opinion by 

employing state-of-the-art methods such as Whisper for audio transcription, Bidirectional GRU for sentiment 

classification and BERTopic for topic modelling. The finding suggests that cues-such as words of inclusivity 

and emotion-laden language-are strategic devices politicians use to engender trust, set themselves apart from 

the political status quo, and dominate the news cycle. The overlapping patterns of sentiment and thematic 

coherence illuminate the intricate relationships between emotion, language, and strategy in political talk. To 

conclude, this study seeks to demonstrate the use cases for NLP (and partial ai) towards upgrading of 

transparency, traceability and analysis in contemporary political dialogue in a digital communication age. 

 

 

5. FUTURE WORK 

Our results indicate that Bidirectional GRU models are more robust than unidirectional ones in 

capturing the contextual sentiment features thereof in political utterances. Subsequent research could study 

deep, contextual embeddings using transformer-based models such as BERT and RoBERTa, to improve 

sentiment classification in the full spectrum of emotion. It would also be valuable to include a more 

linguistically and culturally diverse dataset to generalise the model for political settings worldwide. 

Future research can build on these discoveries by returning to the temporal development of political 

rhetoric to look for longer-term trends in discursive strategy. Focusing purely on verbal communication, or 

text at best, and ignoring the multimodal context (e.g. gestures, facial expressions) offers but a partial 

analysis of political communication. Introduction into the analysis of verbal delivery in addition to non-

verbal delivery for further exploration of how verbal aspects of speech are impacted by context would lend 

itself well to understanding the level of influence of non-verbal cues during political addresses. 
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