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Abstract: Topic identification and audio segmentation are critical in applications such as content 9 

analysis, automatic transcription, and information retrieval. It’s especially helpful in educational settings 10 

where large lectures need to be segmented into specific topics for easier content organization and 11 

processing. Traditional methods that rely on transcribed speech data are often impractical, due to 12 

extensive manual intervention and the need for large datasets. To address these challenges we propose 13 

a novel approach integrating Unsupervised Term Discovery (UTD) with audio features such as the 14 

intensity, pitch, waveform, and Mel-Frequency Cepstral Coefficients (MFCC). UTD identifies and 15 

aligns phoneme-like units to the audio without relying on transcriptions and Dynamic Time Warping 16 

(DTW) normalizes and aligns the multimodal features to the audio. The combined semantic features 17 

are then segmented with K-means clustering, creating segments of audio. This approach effectively 18 

segments audio based on thematic content, improving the accuracy for topic identification when 19 

compared to conventional Automatic Speech Recognition (ASR) systems, as shown by reduced Word 20 

Error Rates (WER) and Character Error Rates (CER) with english and spanish audio. This method 21 

offers a more practical and efficient solution for analyzing and segmenting audio content by combining 22 

phonetic-like data with audio features. 23 
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 25 

1. Introduction 26 

In recent years there has been an increasing use of artificial intelligence (AI) techniques for audio 27 

analysis and processing. AI has been used for audio processing such as word/phoneme transcription, 28 

keyword identification, and audio segmentation [1]. However AI often requires a large amount of 29 

labeled training data in the audio domain such as manual transcriptions [2]. While unlabeled training 30 

data is easy to collect, manually labeled training data oftentimes is tedious, time consuming and 31 

requires a lot of effort that is not feasible to achieve for large datasets [2]. We seek to address the 32 

non-availability of labelled data for supervised learning within audio processing by utilizing basic 33 

semantic processes of sound which do not require explicit labeling. 34 

One common way that researchers get around the inaccessibility of labeled data is by 35 

generating automatic word transcriptions through ASR machine learning models such as Whisper, 36 

Kaldi, Vosk, and more [3]. ASR packages such as these take audio as input, process the audio signal, 37 

and output the transcripts (written form of words as spoken) from the input audio. While these 38 

tools/packages are useful but are often inaccurate, limited in the scope of actions they can perform, 39 

and unable to process large files over 25MB [3]. In response to these limitations we utilize features 40 

such as phonemes and sound/audio characteristics to get a more informative and accurate analysis of 41 

the audio.  42 

Additionally ASR-based methods fall short when capturing more nuanced aspects of speech 43 

beyond simple word transcriptions. In many cases, these systems overlook subtle variations in tone, 44 

emphasis, and inflection which provide context to spoken word. Phonetic content of audio provides 45 

more information regarding the content of the audio and tone of the speaker. This is a more 46 

informative measure to extract from audio when compared to only words, which are unable to 47 

convey the intent and inflection of the speaker [4]. Utilizing phonemes can help machine learning 48 

models learn data more efficiently and more accurately as it makes it easier to understand the 49 
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relationship between words, by understanding the phonetic pronunciation of each word, and 50 

therefore can discern topics from audio with greater accuracy [5]. 51 

Characteristics/properties of audio/speech such as intensity, pitch, waveform, and Mel 52 

Frequency Cepstral Coefficients (MFCCs) seek to explain different aspects of sound [6]. Intensity 53 

measures the amplitude of sound waves, representing the “loudness” of the audio. Pitch represents 54 

the frequency of sound waves within the audio. Waveform allows for a visual of the audio’s temporal 55 

structure and energy distribution. Finally, MFCC analyzes the short term power structure of the 56 

audio, based on a linear cosine transform of a log power spectrum on a nonlinear mel frequency 57 

scale, allowing for a measure of the timbre and textual characteristics of the audio. 58 

This paper aims to perform audio topic identification by training ASR machine learning models 59 

on semantic properties of speech including the phonetic and characteristics of the audio. Topic 60 

identification identifies major focus areas of the audio to be able to more accurately discern the 61 

content and entities within the audio. This task is especially important in educational settings where 62 

students may need to rewatch recorded videos of lectures that are often multiple hours long in order 63 

to find an explanation for a concept they are struggling with [7]. Topic Identification would allow a 64 

student to sort through educational content, automatically categorized by topics, and find relevant 65 

materials quickly [8]. The goal of the study was to identify the most prevalent topics from English 66 

and Spanish audios extracted from an existing set of recorded videos in the health domain. This 67 

study forms a part of a bigger NSF-funded project that is developing a culturally sensitive health 68 

intelligent tutoring system (ITS) for the Hispanic population. In order to achieve the said goal, some 69 

of the research questions (RQ) that were answered in this study are: 70 

RQ1: Can an unsupervised machine learning model accurately extract phonetic transcriptions from 71 

audio and align them temporally to audio? 72 

RQ2: Does the inclusion of audio features with phonetic content allow for accurate topic 73 

identification? 74 

2. Related Work 75 

Traditional ASR systems like Whisper and Kaldi face challenges in handling long audio files and 76 

languages other than English. In contrast, recent research in unsupervised learning techniques has 77 

sought to overcome these limitations by leveraging phonetic and audio feature analysis for more 78 

effective topic segmentation without the need for transcriptions. 79 

Latent Dirichlet Allocation (LDA) [9], has been utilized in research for topic modeling in textual data. 80 

LDA uncovers hidden thematic structures by representing documents as mixtures of topics, with each 81 

topic being a distribution over words. In recent years, LDA has been adapted for use in audio data by 82 

converting transcribed speech or extracted feature representations (e.g., word embeddings of 83 

phonemes) into a form amenable to topic modeling. Examples of this are in [10] and [11], which 84 

demonstrate converting audio signals into bag-of-words representations. [10] applies LDA to 85 

phonetic embeddings from audio segments, while [11] transforms acoustic features into textual tokens 86 

for effective audio topic clustering.  . 87 

Dynamic Time Warping (DTW) addresses the inherent variability in spoken language by measuring 88 

the similarity between two sequences that may vary in speed or timing, making it effective for aligning 89 

segments of audio that differ in speaking rate, tone, or pronunciation. A study demonstrated the 90 

effectiveness of DTW in aligning MFCC feature vectors extracted from speech signals with varying 91 

speaking rates and background noise [12]. By aligning MFCC with audio temporally, the study was 92 

able to achieve high word recognition accuracy by compensating for differences in speech timing. 93 

Additional work in the literature has explored various techniques for audio topic identification. For 94 

instance, several studies have employed deep neural network architectures such as Convolutional 95 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) to learn representations directly 96 

from raw audio features for effective topic segmentation [13]. Another paper proposed an end-to-end 97 

framework that integrates attention mechanisms with feature extraction to selectively focus on key 98 

audio segments for improved topic clustering [14]. 99 

In contrast to these approaches, our work integrates unsupervised term discovery (UTD) with both 100 

phonetic transcriptions and multiple audio features, including intensity, pitch, waveform, and MFCC, 101 

and aligns them using DTW before clustering with K-means. This framework minimizes the reliance 102 
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on extensive labeled data and captures a richer set of acoustic and linguistic cues. An integrated 103 

unsupervised approach for topic identification in audio such as this has not been widely explored, 104 

potentially offering improved performance, especially for long-format audio files, while relying on 105 

only inherent audio characteristics. 106 

3. Methodology 107 

3.1. Data Collection  108 

11 English and 11 Spanish mp4 videos ranging from 16 seconds to 2 minutes and 33 seconds on 109 

cancer survivorship recorded by a doctor were used as the initial data for the study. Audio was 110 

extracted from these videos and stored as mp3 files. These extracted audio (mp3 files) were 32-bit 111 

dual channel. 112 

3.2. Audio Preprocessing  113 

The audio extracted from the videos were 32-bit dual channel mp3, while many ASR systems and 114 

packages require 16-bit mono-channel wav files [15]. Therefore these mp3 files were converted to 115 

wav format to make it compatible with these tools and easy to process. Any extraneous noise was 116 

also removed using audio intensity and pitch normalization using z-score normalization. This also 117 

allows for feature comparison across different audio files by bringing them to a common scale, with a 118 

mean of 0 and a standard deviation of 1.  In addition, the files were dual channel as they were meant 119 

to be played on systems with left and right audio output channels as these were stereo wav files. For 120 

this reason, the audio files were converted to mono-channel wav files, and the sampling rate was 121 

changed to 16-bit. 122 

3.3. Audio Feature Extraction 123 

Four audio features including the waveform, intensity, pitch, and Mel Frequency Cepstral 124 

Coefficients (MFCC) were extracted from the audio to represent the inherent features of the audio 125 

data. First, each audio file was processed using the Librosa library to load the audio and process the 126 

signal’s time series and sampling rate. The librosa python package is used to extract waveform data 127 

from the audio, representing the amplitude of the audio signal over time, and the silent intervals 128 

within the audio to identify when the speaker is not speaking [16]. The parselmouth python package is 129 

used to extract the intensity (dB) of the audio, measuring the energy of the sound in the audio [17]. 130 

These values were then normalized by excluding any non-positive values, which are often caused by 131 

noise or errors while reading the audio file. Parselmouth was also used to extract the pitch (Hz) of the 132 

audio, measuring the frequency of the audio, which is normalized by getting rid of zero values and 133 

abnormal values which could potentially be due to any background noise. Finally, MFCC was 134 

extracted also using parselmouth, providing information about the vocal tract of the audio and 135 

compressing it into a small number of coefficients, showing spectral characteristics and overall shape 136 

of the spectral envelope. MFCC contains about 10-20 spectral characteristics making it useful for 137 

machine learning and audio manipulation tasks such as Montreal Forced Aligner (MFA) [18]. 138 

3.4. Manual Word Transcriptions  139 

Human transcriptions were created by a fluent English and Spanish speaker and the transcriptions 140 

were also verified and validated by another speaker fluent in both the languages. The expert word 141 

transcriptions were utilized to analyze the accuracy of the automatic phonetic transcriptions by 142 

matching the phonetic pronunciation of each word with the automatic phonetic transcription output. 143 

These transcriptions were generated using the exact words spoken in each video/audio. The 144 

descriptives (number of words and number of sentences) for the transcriptions generated from these 145 

videos/audios by the human expert are shown in Figure 1. 146 

The data descriptives shown in Figure 1 for each transcription were obtained using spaCy, an 147 

open-source NLP python library that extracts different linguistic characteristics from text [19]. SpaCy 148 

utilizes tokenization to analyze the number of words in a text. SpaCy obtains the number of words 149 

from the transcripts by breaking down the transcript into individual tokens, where each token is an 150 

individual word, punctuation, or space. SpaCy analyzes the number of sentences in a text using 151 

token-based rules as well as a statistical model trained on annotated corpora, which allows it to 152 

segment the text into sentences and obtain the number of sentences from the transcripts. 153 
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 154 

Figure 1: Data Descriptives for the English and Spanish Expert/Reference Transcriptions 155 

There were differences between the data descriptives for English and Spanish transcriptions, even 156 

though the videos were on the same topics. Some of these differences result due to varying lengths 157 

of videos for the two languages, which leads to different numbers of sentences.  In addition, the 158 

other differences are caused due to linguistic differences between the two languages. For example, a 159 

word in English may not have a single word equivalent in Spanish but is represented by multiple 160 

words or vice versa, which results in a difference between the number of words in the two language 161 

transcripts. 162 

3.5. Automatic Phonetic Transcriptions  163 

Automatic Phonetic Transcriptions were obtained and temporally aligned to their corresponding 164 

audio recordings using MFA. MFA has a pre-trained Acoustic Model which is trained on a dataset 165 

consisting of audio recordings and their corresponding phonetic transcriptions [20]. This model 166 

allows the MFA to recognize distinct phonemes from the audio. To create the phonetic 167 

transcriptions MFA extracts the MFCC of the audio signal, which is fed into the acoustic model so it 168 

can predict the phonemes of the audio. This allows it to create phonetic transcriptions for each audio 169 

file without requiring the manual word transcription.  170 

The MFA then performs temporal alignment where it takes each individual phoneme and 171 

aligns it with its corresponding audio segment. It aligns the two by incrementally adjusting the timing 172 

of the phonemes until it matches the speech patterns of the audio precisely. The output of this 173 

process is a TextGrid file in Praat software consisting of the phonetic transcriptions and their 174 

timestamps in the audio [15]. The manual transcription was then added to the TextGrid file of each 175 

audio file to visualize each word and its corresponding phonetic pronunciation and when the 176 

occurred within the audio. An example output of this process is shown in Figure 4. 177 

3.6. Audio-Feature Alignment  178 

Even though both features (attributes of the audio and the phonetic transcriptions) were aligned to 179 

the same audio timeline, they varied due to the differing extraction methods and nature of their data, 180 

requiring it to normalize the data. The two semantic feature outputs were concatenated to form one 181 

feature vector using Dynamic Time Warping (DTW) [21]. DTW creates a cost matrix where each 182 

element (I, J) represents the cost of aligning the ith frame of audio features with the jth phoneme. 183 

The cost matrix is a grid where the rows represent the frames of audio features and the columns 184 

represent the phonetic segments. The cost of aligning each feature vector separately with the 185 

phonetic transcription, results in multiple cost matrices corresponding to each feature vector. The 186 

distance between each frame of the individual feature vectors and the phonetic transcription was 187 

calculated using the Euclidean Distance. This operation is performed independently for each cost 188 

matrix to find the optimal alignment path for each feature vector. The warping path, is the optimal 189 

alignment between the two sequences, is identified to specify which frames of the audio features 190 

correspond to which phonetic segments. The two features are then concatenated onto the same 191 

TextGrid file for visualization and UTD training as shown later in Figure 6 in the Results section. 192 

3.7. Unsupervised Term Discovery (UTD)  193 

UTD is a process that identifies recurring patterns in audio without relying on labeled data. It allows 194 

extraction of meaningful speech segments without requiring any data aside from the audio. After 195 

audio features and phonetic transcriptions were aligned LDA extracted topics from the concatenated 196 

files [8]. The synchronized data obtained from DTW was converted into a corpus of documents, 197 
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each representing a segment of aligned features and phonetic transcriptions. LDA typically requires 198 

word data to identify topics so we converted our phonetic transcripts into word transcripts utilizing 199 

clustering and word-phonetic pronunciation dictionaries. 200 

First, K-means clustering categorized similar segments of the audio [22]. These segments 201 

contain groups of audio features (phonemes and corresponding speech/audio attributes) 202 

representing words. Then these groups of phonemes were converted to text using word 203 

pronunciation dictionaries. CMU_Dict was utilized for our English dictionary and a dictionary 204 

obtained from MFA was utilized for Spanish.  205 

LDA performed topic identification through a multi-step process involving data loading, 206 

preprocessing, word tokenization, dictionary and corpus creation, and finally topic modeling [8]. 207 

LDA first loads the data from the directory containing the word transcriptions and reads each file 208 

into a dictionary where keys are file names and values are the content within the file. Stopwords are 209 

obtained and removed from the dictionary using the NLTK library, eliminating uninformative words 210 

for the analysis. Then the spaCy library is used to lemmatize the text to reduce words to their root 211 

forms, leaving behind only the specific parts of speech (nouns, verbs, adjectives, and adverbs). The 212 

lemmatized text is tokenized into individual words using the Gensim package, removing punctuation 213 

and converting text to lowercase [23]. Finally, a corpus is created from the modified dictionary where 214 

each document is represented as a bag-of-words where each word is replaced by its own unique id 215 

and frequency count to measure how many times it occurs in the audio. The final output is the most 216 

prevalent topics and their corresponding words. 217 

3.8. Evaluation  218 

To analyze if the automatic word clustering produced accurate word transcriptions the Word 219 

Error Rate (WER) and Character Error Rate (CER) were calculated and compared to other 220 

automatic word transcription packages (Whisper) to see if the performance improved (Figures 7 and 221 

8 in the Results section). Whisper is a general-purpose, multitasking speech recognition model by 222 

OpenAI, trained on a large dataset of diverse audio that can perform several tasks including language 223 

identification, speech translation, and multilingual speech recognition [24]. Whisper models are 224 

trained on 680,000 hours of labeled audio and the corresponding transcripts collected from 225 

the internet. This training data constitutes 65% (i.e., 438,000 hours) of English audio and the 226 

matching English transcripts; roughly 18% (i.e., 125,000 hours) represents X→ English 227 

translation data, and the remaining 17% (i.e., 117,000 hours) represents non-English audio 228 

and the corresponding transcript, covering 96 other languages, including Spanish. As it scales 229 

well, the model was trained using an encoder-decoder transformer [25]. The overall methodology is 230 

shown in Figure 2. 231 

 232 

 233 
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Figure 2: The Overall Workflow Methodology 234 

4. Results 235 

4.1. RQ1: Can an unsupervised machine learning model accurately extract phonetic 236 

transcriptions from audio and align them temporally to audio? 237 

4.1.1 Automatic Phonetic Transcription 238 

Automatic phonetic transcriptions for all 22 audio files were generated using MFA. The output was 239 

transcriptions consisting of the phonetic pronunciation of all words identified and used by MFA. 240 

Figure 3 shows an example of the phonetic pronunciation transcription produced by MFA alongside 241 

a corresponding manual word transcription. 242 

 243 

Figure 3: Manual word transcription for Osteoporosis discussed in the audio/video (left). Automatic 244 

phonetic transcription for the same topic using the MFA (right).  245 

 246 

The numbers after the vowel syllables indicate the stress of the syllable. 0 indicates that the syllable is 247 

unstressed, 1 indicates primary stress, meaning the syllable is emphasized in pronunciation, and 2 248 

indicates secondary stress, meaning the syllable isn't the primary one being emphasized but is still 249 

emphasized more than unstressed syllables. 250 

 251 

4.1.2 Audio-Phonetic Alignment 252 

Phonetic transcriptions were aligned with their corresponding audio temporally using MFA. This 253 

resulted in a TextGrid displaying phonemes and when they occurred in the audio. Manual 254 

transcriptions were also added to the TextGrid to visualize when the phonemes occurred compared 255 

to spoken word. Figure 4 shows an example of a TextGrid loaded with phonemes and manual word 256 

transcriptions. 257 

 258 

Figure 4: TextGrid audio for Osteoporosis loaded into Praat software showing the words and 259 

corresponding phonemes temporally aligned with the audio using MFA to show when the word or 260 

phoneme was spoken. a) multiple words and corresponding phonetic amounts  b) zoomed in on two 261 

words to see the specific phonetic pronunciations 262 

 263 

4.2. RQ2: Does the inclusion of audio features with phonetic content allow for 264 

accurate topic identification? 265 

4.2.1 Audio Feature Extraction 266 

The semantic properties of the audio were extracted using Librosa and Parselmouth python libraries. 267 

The features extracted from the audio were the waveform, intensity, pitch, and MFCC. These audio 268 
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features displayed information about the audio such as the speaker's infliction and volume as well as 269 

the frequency and amplitude. These semantic features were extracted for all audio files and used 270 

along with the phonetic transcriptions to create automatic transcriptions. This was done by clustering 271 

similar feature points, consisting of the audio features and phonetic transcriptions, in an audio file 272 

through K-means clustering of all data points and creating a final transcription through phonetic-273 

word dictionaries. Figure 5 shows values for the waveform, intensity, pitch, and MFCC extracted 274 

from a file that was plotted using MatLab. 275 

 276 

Figure 5: Audio feature graphs for the Osteoporosis audio.  a) MFCC of the audio signal. The colors 277 

represent the amplitude of the cepstral coefficients at different times and frequencies b) Intensity of 278 

the audio signal c) Waveform of the audio signal with pauses overlaid onto the graph. d) Pitch of the 279 

audio signal 280 

 281 

Pauses are overlaid on the waveform graph to show when the speaker was not speaking. Areas of 282 

pauses are susceptible to background noise corrupting phonetic extraction. The pitch graph has 283 

numerous gaps instead of being a continuous function. This is because the pitch graph had erroneous 284 

values which were too high or too low which were removed as these corresponded to pauses, which 285 

potentially caused the abnormal values.  286 

 287 

4.2.2 Feature Alignment 288 

DTW was used to align the audio features and phonetic transcriptions. First, a cost matrix 289 

was created which represented the cost of a frame of an audio feature with a phoneme. A 290 

cost matrix was generated for all 4 audio features (Intensity, Pitch, Waveform, and MFCC). The 291 

distance between the phonetic transcriptions and feature vectors was calculated to find the 292 

optimal alignment between the two modalities of data. Figure 6 shows an example TextGrid 293 

file with all features aligned alongside each other to normalize data. 294 

 295 

 296 
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 Figure 6: TexGrid for Osteoporosis after DTW to combine the phonetic features and audio 297 

features (Intensity, Pitch, Waveform, and MFCC). The intensity measurement tier is selected 298 

(number 4 highlighted in orange) and the number on the top represents the intensity measurement 299 

for the audio at that time stamp. 300 

4.2.3 ASR Evaluation 301 

K-means clustering segmented the audio into various clusters, with each segment/cluster consisting 302 

of audio with phonetic transcriptions and audio features. These segments were then utilized to create 303 

word transcriptions as the phonemes within these segments were converted to words using word-304 

phoneme dictionaries. This allowed us to analyze the accuracy of segmenting the audio based on 305 

multiple feature types and utilizing the phonemes within the segments to form word transcriptions. 306 

These word transcriptions were compared with ASR systems which are able to take in raw audio and 307 

output word transcriptions [3]. Both automatic transcriptions, proposed approach and ASR 308 

approach, were compared to the manual word transcriptions to measure the accuracy of the two 309 

methods. 310 

ASR systems are typically evaluated on certain metrics to measure their usefulness and 311 

effectiveness. The purpose of evaluating ASR systems is to simulate human judgment of the 312 

performance of the systems in order to measure their usefulness and assess the remaining difficulties 313 

especially when comparing systems; the standard metric of ASR evaluation is the Word Error Rate 314 

(WER), which is defined as the proportion of word errors to words processed [3]. The WER is based 315 

on how much the output (typically a string of words) called the Hypothesis, returned by the ASR 316 

system differs from a reference transcription generated by a human expert.  The WER is computed 317 

using equation (1) 318 

𝑊𝐸𝑅 =  
𝑆+𝐷+𝐼

𝑆+𝐷+𝐶
= 

𝑆+𝐷+𝐼

𝑁
 (1) 

Where I = number of insertions, D = number of deletions, S = number of substitutions, C = 319 

number of correct words and N = number of words in the reference.  320 

The Python Jiwer package was used to automatically calculate the WER. The measures are computed 321 

with the use of the minimum edit distance between one or more reference and hypothesis sentences. 322 

Although WER is the most popular and commonly used metric to evaluate ASR, it has certain 323 

drawbacks [26]. Therefore, the Character Error Rate (CER) was also calculated. The CER value 324 

indicates the percentage of characters that were incorrectly predicted [27]. A lower CER value 325 

indicates a better performance of the ASR system with a CER of 0 being a perfect score. The CER is 326 

computed using equation (2): 327 

𝐶𝐸𝑅 =  
𝑆+𝐷+𝐼

𝑆+𝐷+𝐶
= 

𝑆+𝐷+𝐼

𝑁
 (2) 

Where S = the number of substitutions, D = the number of deletions, I = the number of insertions, 328 

C = the number of correct characters, and N = the number of characters in the reference. 329 

 330 

Transcriptions Error Rates  331 

Figure 7 shows the evaluation metric results for English Transcription performed by Whisper using 332 

the ‘medium-en’ model. The evaluation metrics include the percentages returned by the JiWER 333 

package for the WER and CER for automatic transcriptions and the proposed approach. The average 334 

WER for English transcriptions is 22.93%, and CER is 4.56% for the automatic Whisper generated 335 

transcriptions. Whereas the WER and CER for our proposed approach are slightly less and hence 336 

better, and are 21.51%, and 4.26% respectively. The average percentages for the Whisper generated 337 

transcriptions for Spanish were WER (24.45%) and CER (8.37%). On the other hand the error rate 338 

percentages for our proposed approach for Spanish (Figure 8) were better and lower than the 339 

Whisper transcription such that WER was 21.73% and the CER was 5.98%. Overall it was found 340 

that the error rates for Spanish were slightly higher as compared to English transcription as the 341 

existing ASRs have been trained on a large English corpora and much smaller corpora for other 342 

languages.  343 

 344 

 345 

 346 
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 347 

 348 

Figure 7: Graphical representations comparing the WER and CER between our proposed approach 349 

and Whisper for English audio.  350 

 351 

Figure 8: Graphical representations comparing the WER and CER between our proposed approach 352 

and Whisper for Spanish audio.  353 

 354 

We observed that our proposed semantic approach outperforms the Whisper model in all the 355 

transcription's accuracy metrics except for WER and CER in transcript 7 for English and CER only 356 

in transcript 7 for Spanish. This is most likely because transcript 7 is a significantly shorter audio file 357 

than the others (0:17 and 0:33 respectively) and Whisper has high performance for short audio files. 358 

Whisper performed similarly to our approach on shorter audio files as our proposed approach was 359 

more inaccurate towards the beginning of each audio file, as it didn't pick up on many of the 360 

phonemes. Longer audios had more accurate phonetic transcriptions as they had accurate phonetic 361 

transcriptions for a larger percentage of their runtime. Our proposed semantic approach greatly 362 

improved the WER and CER for Spanish audios as Whisper is largely inaccurate for non-English 363 

audios as it tries to directly extract word transcriptions from audio [28]. In addition to this the 364 

Spanish audio files were longer on average, which made our approach perform better. 365 

 366 

4.2.5 Unsupervised Term Discovery 367 

Automatic word transcriptions obtained using our proposed approach were fed into LDA for 368 

term/topic identification. The LDA returns the most prevalent topics in the audio and their 369 

associated words. Figure 9 shows the topics identified for all audio files formatted with pyLDAvis to 370 

visually represent topics, their words, and any overlap between topics [29]. The pyLDAvis outputs 371 

not only show the number of topics (8 for Spanish and 10 for English audios) but also reveal the 372 

relationships between topics through overlapping clusters of keywords. Many topics appear to 373 

capture major themes related to health survivorship and treatment, indicating that the model is 374 

successfully isolating key content areas from the audio. However, some topics exhibit significant 375 

overlap, suggesting that certain themes are interrelated or that the boundaries between topics are not 376 

entirely distinct. In some cases, the presence of less informative or generic terms points to challenges 377 

in pre-processing, such as incomplete stopword removal or limitations in the phoneme-to-word 378 

conversion step. While the approach effectively segments and identifies dominant themes, further 379 

refinement in feature integration and lexical normalization could enhance topic specificity and reduce 380 

redundancy. 381 

 382 
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 383 

Figure 9: LDA outputs graphically visualized using pyLDAvis for a) spanish audios with 8 topics 384 

and b) English audios with 10 topics. The relevant terms associated with each topic are shown on the 385 

right with overlapping topic clusters representing that the topic has overlapping relevant terms with 386 

another. 387 

 388 

5. Discussions & Conclusions 389 

In this study we developed a novel framework to identify topics within audio without the need for 390 

labeled data. To analyze the effectiveness of our framework we had two research questions discussed 391 

in the Introduction Section. 392 

 393 

5.1 RQ1: Can machine learning accurately extract phonetic transcriptions from 394 

audio and align them temporally to audio? 395 

Several machine learning models capable of extracting phonemes from audio were explored, including 396 

PocketSphinx, Kaldi, DeepSpeech, and MFA. PocketSphinx, Kaldi, and MFA are able to extract 397 

phonemes without corresponding word transcriptions, meaning they were viable for unsupervised 398 

learning. MFA was able to align extracted phonemes with audio, allowing for insight into when 399 

phonemes occurred in the audio. MFA was used for phoneme extraction and alignment as training 400 

the model for both processes would allow for a more in depth analysis of the data. MFA was able to 401 

accurately extract phonemes and align them with audio in a TextGrid file. This allowed for further 402 

data integration since the audio feature data was aligned into the same file for data normalization. The 403 

methodology using MFA successfully captured phonetic details and synchronized them with audio 404 

features, even though performance on the initial segments of audio files was somewhat less accurate 405 

due to blending with background noise. We did not find an alternative approach that outperformed 406 

our proposed method across all conditions. The integration of additional noise-handling strategies 407 

could further improve the results. Overall, our experiments confirm that our approach is effective for 408 

the intended task, with some scope for optimization in handling very short or noisy audio segments. 409 

 410 

5.2 RQ2: Does the inclusion of audio features with phonetic content allow for 411 

accurate topic identification? 412 

Audio Features (Waveform, Pitch, Intensity, and MFCC) were extracted alongside phonetic 413 

transcriptions. Further integration of the two data was done by individually aligning each to the 414 

audio, allowing for a more detailed analysis of the feature in the context of the audio. In addition to 415 

this, the two modalities of data (numerical and textual) were combined into a TextGrid file using 416 

DTW, resulting in one file containing both modalities of data for each audio. After these features 417 

were combined, K-means clustering was performed on each file, resulting in segments of the audio. 418 

These segments were then converted to word transcriptions through translation with word-phonetic 419 

dictionaries. 420 

This approach proved to be much more accurate at extracting word transcriptions compared to 421 

traditional approaches (Average WER improvement of 10.7% for English transcripts and 10.40% for 422 

Spanish transcripts). This was due to the integration of two data modalities from the audio, allowing 423 

for a more informative analysis of the audio to extract word transcriptions. To extract topics from 424 

the audio the word transcriptions were fed into a LDA model, resulting in the extraction of topics 425 

and their most associated words from all audio files. This approach was able to filter out unnecessary 426 

words and create more informative topics as it was performed on more accurate word transcriptions. 427 

 428 
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5.3 Implications for Educational Settings 429 

Automatically identifying major topics within audio opens up the potential for a more seamless 430 

navigation of educational environments, where students oftentimes have to watch through long 431 

lessons to find topics they are struggling with. The issue with most traditional topic identification 432 

systems is that they rely heavily on automatic word transcriptions, which are not only impersonal but 433 

can also be highly inaccurate, especially in noisy or poor-quality recordings. These systems often fail 434 

to capture the nuances of speech, such as tone and intent, which are crucial for understanding the 435 

context and relevance of the spoken content [30]. Additionally, if educators want to utilize a 436 

supervised system for a more personalized topic identification suited specifically to the type of 437 

course, they would need to provide extensive datasets of manually labeled transcriptions to train the 438 

models, which are not readily available to most educators and institutions due to the significant time 439 

and cost involved in creating these datasets [31]. Our approach leverages unsupervised learning 440 

techniques to bypass the need for these labeled transcriptions, utilizing phonetic and audio feature 441 

analysis to accurately identify topics within the audio. This method not only enhances the accuracy 442 

and personalization of topic identification but also is able to capture parts of speech such as tone, 443 

emphasis, and inflection, making our approach much more effective for topic identification within 444 

educational settings. 445 

5.4. Limitations 446 

One limitation we encountered was that MFA had difficulty transcribing phonemes for the beginning 447 

of a sentence i.e., the first one or two words of the audio. While reviewing the audio we found that 448 

this was because the audio would cut in, making the first word blend in with the background, 449 

potentially causing it to be labeled as background noise by the MFA model. This limitation led to 450 

shorter audios having higher WER and CER than the audios that were longer.  451 

Another limitation we encountered was that pauses in the audio, where the speaker is silent or 452 

not speaking, led to very abnormal pitch values. This could have been caused by parselmouth 453 

plotting background noise for those moments instead of the speaker, who was silent. To overcome 454 

this limitation these erroneous values were omitted, however, this could have impacted pitch analysis 455 

as numerous spots had gaps in place of the abnormal values.  456 

The final limitation we encountered was that there was no metric which could accurately 457 

measure the accuracy of the UTD as term identification is subjective. There is no objective way to 458 

extract topics from audio due to inherent bias. One speaker may believe a speaker is emphasizing one 459 

topic while another believes another topic is being emphasized.  460 
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