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Abstract - This paper presents a novel approach for mid-size organizations to leverage Large Language Models (LLMs) [2] for 

generating actionable insights from customer reviews and comments using the Tree of Thoughts (ToT) methodology [3]. LLMs 

have emerged as powerful tools for various text analytics tasks as natural language processing evolves. [1,2] However, their 

adoption in mid-size organizations has been limited due to resource constraints and technical complexities [14, 15]. The 

proposed cost-effective and efficient method leverages the ToT approach to optimize LLM usage for customer feedback analysis 

in resource-constrained environments. Our method significantly improves insight generation and computational efficiency 

compared to traditional approaches while requiring minimal LLM expertise [20]. Through a case study, this paper illustrates 

our approach's practical applications and benefits, providing a roadmap for mid-size organizations to harness the power of 

LLMs in their customer feedback analysis workflows [21].  

Keywords - Customer insights, Large language models, Mid-size organizations, Natural language processing, Tree of thoughts  

1. Introduction 
In today's competitive business landscape, organizations 

face an unprecedented challenge in processing and deriving 

value from vast amounts of unstructured customer feedback 

[4]. While this feedback contains crucial insights that could 

drive product improvements and strategic decisions, 

organizations—particularly mid-sized ones—struggle to 

analyze and utilize this data effectively. Current research 

indicates that only 21% of mid-sized organizations 

successfully leverage their customer feedback data, despite 

89% acknowledging its critical importance [8]. 

1.1. Research Gap and Problem Statement 

The existing approaches to customer feedback analysis 

present several critical limitations. Traditional text analytics 

methods, relying on rule-based systems and conventional 

machine learning algorithms, require extensive feature 

engineering and domain expertise [9]. These methods often 

fail to capture the contextual nuances and semantic complexity 

inherent in customer communications, resulting in superficial 

or incomplete analyses. While recent advances in Large 

Language Models (LLMs) such as GPT-3 [2] and BERT [1] 

have demonstrated remarkable capabilities in natural language 

understanding, a significant gap exists in their practical 

implementation within resource-constrained environments. 

The primary challenges preventing widespread adoption of 

LLMs in mid-sized organizations include: 

• Prohibitive computational requirements and associated 

costs 

• Lack of technical expertise required for implementation 

and maintenance 

• Insufficient frameworks for efficient deployment in 

resource-limited settings 

• Absence of methodologies that balance sophisticated 

analysis with practical constraints [15] 

This research addresses these critical gaps by introducing 

a novel framework that combines the sophisticated 

capabilities of LLMs with the Tree of Thoughts (ToT) 

methodology. The ToT approach, pioneered by Yao et al. 

(2023) [3], offers a promising foundation for enhancing the 

reasoning capabilities of LLMs through structured exploration 

of multiple analytical paths. However, its application to 

customer feedback analysis in resource-constrained 

environments remains unexplored. 

http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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1.2. Proposed Solution 

Our research presents an innovative solution that adapts 

the ToT methodology specifically for customer feedback 

analysis, optimizing it for use with existing LLM 

infrastructures while minimizing computational overhead 

[20]. This framework enables organizations with limited 

technical resources to: 

• Leverage state-of-the-art language models without 

extensive infrastructure investments 

• Extract actionable insights from customer feedback using 

systematic reasoning paths 

• Implement sophisticated analysis techniques with 

minimal technical expertise [21] 

The significance of this research lies in its potential to 

democratize advanced natural language processing 

capabilities, making them accessible to organizations that 

have previously been unable to benefit from these 

technologies due to resource constraints. The following 

section discusses the conventional text analytics methods for 

customer feedback analysis, provides an overview of LLMs 

and their applications, and then introduces our novel approach. 

The case study demonstrates the effectiveness of our method 

in real-world scenarios and concludes with a discussion of the 

implications and future directions for this research. 

2. Text Analytics Using Conventional Methods 
Text classification in traditional methods typically 

requires a substantial amount of labeled data to achieve good 

performance [8]. The quantity of labeled data needed can vary 

depending on several factors. However, it is generally 

understood that more labeled data leads to better classification 

results up to the point of diminishing returns. For most 

practical applications, a dataset of at least a few hundred 

labeled examples per category is often considered a starting 

point. However, for more complex classification tasks or when 

dealing with many categories, thousands of labeled examples 

per category might be necessary to achieve satisfactory results 

[9].  It is worth noting that obtaining large amounts of high-

quality labeled data can be expensive and time-consuming. 

This has led to increased interest in techniques that can reduce 

the need for labeled data, such as semi-supervised learning, 

transfer learning, and active learning [19]. These approaches 

aim to leverage unlabeled data or existing models to improve 

classification performance with less manually labeled data. 

2.1. Text Preprocessing 

Text preprocessing is a critical initial stage in the Natural 

Language Processing (NLP) pipeline, designed to clean and 

standardize input text for more effective analysis [9, 10]. This 

phase encompasses several key steps that transform raw text 

into a more structured format. The process begins with 

tokenization, which involves segmenting text into individual 

words or tokens. For instance, the sentence "The cat sat on the 

mat." would be tokenized into ["The", "cat", "sat", "on", "the", 

"mat", "."]. Following tokenization, all text is typically 

converted to lowercase to ensure consistency and prevent the 

algorithm from treating identical words differently based on 

capitalization. Next, stopword removal is performed to 

eliminate common words such as "the," "is," and "and," which 

occur frequently but often carry little semantic value for 

analysis purposes [9]. This step helps to reduce noise in the 

data and focus on more meaningful content. The final step in 

basic preprocessing often involves either stemming or 

lemmatization. Stemming reduces words to their root form by 

removing suffixes, such as converting "running" to "run." 

Lemmatization, a more sophisticated approach, reduces words 

to their base or dictionary form, known as the lemma. For 

example, "better" would be lemmatized to "good." To 

illustrate these steps, consider the following customer review: 

"The product was absolutely amazing, but the shipping took 

forever!" After preprocessing, this might be reduced to 

["product", "absolute", "amaze", "ship", "take", "forever"]. 

 In a more complex example, a technical document stating 

"The researchers were studying the effects of increased carbon 

dioxide levels on plant growth rates" might be preprocessed to 

["researcher", "study", "effect", "increase", "carbon", 

"dioxide", "level", "plant", "growth", "rate"]. It is worth noting 

that the specific preprocessing steps can vary depending on the 

nature of the text and the goals of the analysis. For instance, 

in sentiment analysis of social media posts, preserving emojis 

and hashtags might be crucial, whereas in legal document 

analysis, maintaining certain capitalized terms could be 

important. More advanced preprocessing techniques might 

include named entity recognition to identify and categorize 

proper nouns or part-of-speech tagging to provide 

grammatical context to words [9, 10]. These preprocessing 

steps lay the foundation for subsequent stages of text analysis, 

such as feature extraction, classification, or clustering, by 

providing a leaner, more standardized text representation. 

2.2. Feature Extraction 

Feature extraction is a crucial step in text classification, 

transforming preprocessed text into a format suitable for 

machine learning algorithms [5]. This process involves 

converting unstructured text data into structured numerical 

features that classification algorithms can process. Three 

common approaches to feature extraction are the Bag of 

Words (BoW) model, TF-IDF (Term Frequency-Inverse 

Document Frequency), and N-grams [5,7]. The Bag of Words 

model is a simple yet effective method representing text as a 

collection of word frequencies, disregarding grammar and 

word order [5]. In this approach, a vocabulary is created from 

all unique words in the corpus, and each document is 

represented as a vector of word frequencies. While BoW is 

intuitive and works well for many classification tasks, it loses 

word order information and can result in large, sparse vectors 

for extensive vocabularies. TF-IDF (Term Frequency-Inverse 

Document Frequency) is a more sophisticated approach that 

weighs the importance of words in a document relative to their 

frequency in the entire corpus [5].  
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Fig. 1 Text preprocessing pipeline 

It combines two metrics: Term Frequency (TF), which 

measures how often a word appears in a document, and 

Inverse Document Frequency (IDF), which assesses how rare 

or common a word is across all documents. The TF-IDF score 

is calculated by multiplying these two values. This method 

captures word importance better than raw frequencies and 

reduces the impact of common words. However, like BoW, it 

still does not capture word order or context.N-grams offer a 

method to capture local context and word order by considering 

contiguous sequences of N items (words, characters, etc.) 

from a given text [7]. This approach helps preserve some word 

order and local context, potentially capturing meaningful 

phrases. Common types of N-grams include unigrams (single 

words), bigrams (two consecutive words), and trigrams (three 

consecutive words). While N-grams can effectively capture 

local patterns, they also significantly increase the feature 

space and may introduce sparsity in the data. The choice of 

feature extraction technique often depends on factors such as 

the dataset's size, the language's complexity, and the specific 

problem being addressed [8]. Each method has its strengths 

and limitations, and researchers may combine these 

techniques or use them separately depending on the 

requirements of their text classification task. These 

approaches enable machine learning algorithms to process and 

analyze textual information by effectively transforming text 

data into meaningful numerical features, facilitating various 

natural language processing applications. 

2.3. Machine Learning Models 

Machine learning models play a crucial role in text 

classification tasks, enabling computers to automatically 

categorize, analyze, and derive insights from textual data [8]. 

These models can be applied to various tasks, including 

sentiment analysis, topic modeling, and general classification. 

While numerous algorithms exist, three commonly used 

models in text classification are Naive Bayes, Support Vector 

Machines (SVM), and Random Forests [16, 17,18]. Each of 

these models has unique characteristics and strengths that 

make them suitable for different scenarios in natural language 

processing. Naive Bayes is a probabilistic classifier based on 

Bayes' theorem, assuming independence between features [8].  

Despite its simplicity, it has proven highly effective in 

text classification tasks, particularly in scenarios with limited 

training data. The model calculates the probability of a 

document belonging to a particular class by considering the 

individual probabilities of each word in the document. For 

instance, in sentiment analysis, one might categorize a review 

as "Mixed" by recognizing both positive words like "great" 

and negative words like "slow". Support Vector Machines 

(SVM) are powerful classifiers that work by finding the 

hyperplane that best separates different classes in a high-

dimensional feature space [16, 17]. SVMs are particularly 

effective for text classification tasks due to their ability to 

handle high-dimensional data, which is common in text 

representation methods like Bag of Words or TF-IDF. 

 They are also less prone to overfitting compared to some 

other algorithms, making them robust for various text 

classification scenarios. In our example, an SVM might 

analyze the feature vector of the review and determine the 

optimal hyperplane that separates positive and negative 

sentiments. Random Forests are an ensemble learning method 

that constructs multiple decision trees during training and 

outputs the class, that is, the mode of the classes 

(classification) or mean prediction (regression) of the 

individual trees [18]. This approach is highly effective for text 

classification tasks due to its ability to handle high-

dimensional data, resistance to overfitting, and capacity to 

capture complex patterns in the text.  

In our sentiment analysis example, a Random Forest 

model might build multiple decision trees, each considering 

different subsets of features from the review, and then 

aggregate their predictions to determine the overall sentiment. 

Each of these models has its strengths and weaknesses, and 

the choice of model often depends on the specific 

characteristics of the text classification task at hand [8]. Naive 

Bayes is often favored for its simplicity and efficiency, 

particularly in scenarios with limited computational resources 

or when dealing with large datasets. SVMs excel in high-

dimensional spaces and can be very effective when the 

number of dimensions is greater than the number of samples. 

On the other hand, Random Forests are valued for their ability 
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to handle non-linear decision boundaries and their resistance 

to overfitting. In practice, the performance of these models can 

vary significantly depending on the nature of the text data, the 

specific classification task, and the chosen feature 

representation [8]. For instance, in our example of sentiment 

analysis on a product review, a Naive Bayes classifier might 

effectively capture the overall sentiment by considering the 

probabilities of words like "great" and "slow" appearing in 

positive and negative reviews. An SVM might find an optimal 

hyperplane that separates reviews into positive and negative 

categories based on their feature vectors. A Random Forest 

might build multiple decision trees, each considering different 

review aspects (e.g., product quality words, delivery-related 

words), and then aggregate their predictions to determine the 

overall sentiment. 

It is worth noting that while these traditional machine 

learning models remain popular and effective for many text 

classification tasks, recent advancements in deep learning, 

particularly in the field of natural language processing, have 

led to the development of more sophisticated models such as 

recurrent neural networks (RNNs), convolutional neural 

networks (CNNs) for text, and transformer-based models like 

BERT [1]. These advanced models can capture more complex 

patterns and contextual information in text data, often leading 

to state-of-the-art performance on various text classification 

benchmarks. 

2.4. Limitations of Conventional Methods 

While conventional methods for text classification, such 

as Bag of Words (BoW), TF-IDF, and traditional machine 

learning algorithms like Naive Bayes, Support Vector 

Machines (SVM), and Random Forests, have been widely 

used and have proven effective in many applications, they are 

not without their limitations [8]. These limitations become 

increasingly apparent as we deal with more complex natural 

language processing tasks and larger, more diverse datasets. 

Understanding these constraints is crucial for researchers and 

practitioners in the field of text classification, as it informs the 

development of more advanced techniques and helps in 

choosing the most appropriate method for a given task.One of 

the most significant limitations of conventional methods is 

their lack of context understanding [4]. Models like Bag of 

Words and TF-IDF, which form the basis of many traditional 

text classification approaches, fundamentally discard word 

order and relationships between words. While 

computationally efficient, this simplification can lead to a loss 

of crucial semantic information. For instance, the sentences 

"The cat ate the mouse" and "The mouse ate the cat" would be 

represented identically in a BoW model despite having very 

different meanings. This limitation becomes particularly 

problematic when dealing with tasks that require a nuanced 

understanding of language, such as sentiment analysis of 

complex texts or the interpretation of long-form documents 

where the overall meaning is conveyed through the structure 

and flow of ideas rather than individual words. 

Another major challenge for conventional methods is 

their difficulty handling sarcasm, irony, and other nuanced 

forms of language [4]. These linguistic phenomena often rely 

on subtle contextual cues, cultural knowledge, or the 

juxtaposition of ideas that simple word frequency-based 

models do not easily capture. For example, a sarcastic review 

stating, "This product is so great, I cannot wait to return it", 

might be misclassified as positive by a model that does not 

understand sarcasm. Similarly, idiomatic expressions, 

metaphors, and other figurative language can pose significant 

challenges for these methods, as their meanings often cannot 

be derived from the literal interpretation of the words used. 

The need for extensive labeled data is another limitation 

of many conventional text classification methods, particularly 

those relying on supervised learning [19]. Models like SVMs 

and Random Forests require large amounts of accurately 

labeled training data to perform well. This requirement can be 

a significant bottleneck in real-world applications, as the 

process of manually labeling text data is time-consuming, 

expensive, and often requires domain expertise. Moreover, the 

quality and representativeness of the labeled data can 

significantly impact the model's performance. Biases in the 

training data can lead to biased classifications, and the model 

may struggle to generalize to new, unseen examples that differ 

significantly from the training set. 

Scalability is an increasing concern as we deal with ever-

growing volumes of text data [21]. As datasets grow larger and 

more diverse, conventional methods can become 

computationally expensive and time-consuming. For instance, 

the dimensionality of the feature space in a BoW or TF-IDF 

model grows with the vocabulary size, which can lead to the 

"curse of dimensionality" problem. This increases 

computational requirements and can lead to overfitting, 

especially when the number of features greatly exceeds the 

number of training examples. Similarly, the training time for 

algorithms like SVMs can become prohibitively long for very 

large datasets. Furthermore, these methods often struggle with 

the dynamic nature of language [15]. New words, phrases, and 

concepts constantly emerge, especially in domains like social 

media or technical fields. Conventional models, once trained, 

have limited ability to adapt to these changes without 

retraining on new data. This lack of flexibility can lead to 

degradation in performance over time, especially in 

applications dealing with rapidly evolving topics or 

vocabularies. Another limitation is difficulty handling out-of-

vocabulary words or rare words [9]. Most conventional 

methods rely on a fixed vocabulary derived from the training 

data. Words not seen during training are often ignored or 

treated as unknown tokens, leading to the loss of important 

information, especially when dealing with specialized 

domains or multilingual texts. Lastly, many conventional 

methods provide limited interpretability [22]. While some 

algorithms, like decision trees in Random Forests, offer some 

level of insight into their decision-making process, others, like 
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SVMs, can be more opaque. This lack of interpretability can 

be a significant drawback in applications where understanding 

the reasoning behind classifications is important, such as in 

healthcare, finance, or legal domains. In conclusion, while 

conventional methods for text classification have proven 

valuable in many applications, their limitations highlight the 

need for more advanced techniques [1,2]. These limitations 

have driven the development of more sophisticated 

approaches, including deep learning models like recurrent 

neural networks (RNNs) and transformers, which can capture 

more complex patterns and contextual information in text 

data. However, it is important to note that even these advanced 

methods come with their own set of challenges and 

limitations. The field of text classification continues to evolve, 

with ongoing research aimed at addressing these limitations 

and developing more robust, efficient, and adaptable methods 

for understanding and categorizing textual information. 

5. Large Language Models: An Overview of 

Methods 
Large Language Models (LLMs) represent a significant 

leap forward in the field of natural language processing (NLP) 

and artificial intelligence [2, 12]. These advanced AI systems, 

trained on vast corpora of text data, have fundamentally 

transformed our approach to a wide array of language-related 

tasks [1]. Their emergence has not only pushed the boundaries 

of what is possible in NLP but has also opened up new avenues 

for research and practical applications across various domains 

[15]. At their core, LLMs are neural network architectures, 

typically based on the transformer model [6], that have been 

trained on an unprecedented scale.  

This massive scale is one of the key defining 

characteristics of LLMs. They are often composed of billions, 

or even hundreds of billions, of parameters. They are trained 

on datasets that can encompass a significant portion of the 

publicly available text on the internet [21]. This sheer scale 

allows these models to capture intricate patterns and 

relationships within language that were previously beyond the 

reach of conventional NLP methods. The ability of LLMs to 

understand and generate human-like text stems from their 

sophisticated architecture and training process [12, 13].  

Unlike traditional models that often rely on specific 

features or rules, LLMs learn to understand language in a more 

holistic manner. They can capture long-range dependencies 

within text, understand context, and even grasp nuanced 

meanings that depend on subtle linguistic cues [19]. This 

contextual understanding is a crucial advancement over 

previous methods, allowing LLMs to handle complex 

language phenomena such as sarcasm, idioms, and implicit 

references with remarkable proficiency. One of the most 

revolutionary aspects of LLMs is their capacity for transfer 

learning [19]. These models are typically pre-trained on a 

diverse range of text data, allowing them to acquire a broad 

understanding of language. This pre-training phase enables 

LLMs to develop a generalized knowledge base that can be 

applied to various downstream tasks. The power of this 

approach lies in its versatility – a single pre-trained model can 

be adapted to perform numerous NLP tasks with minimal task-

specific fine-tuning [20]. This ability to transfer knowledge 

dramatically reduces the amount of labeled data and 

computational resources required for many applications, 

making sophisticated NLP capabilities more accessible. The 

landscape of LLMs is dominated by several prominent 

models, each with unique characteristics and strengths. The 

GPT (Generative Pre-trained Transformer) series, developed 

by OpenAI, has been at the forefront of this revolution [2].  

Models like GPT-3 have demonstrated remarkable text 

generation capabilities and proficiency in various tasks, from 

creative writing to code generation. Google's BERT 

(Bidirectional Encoder Representations from Transformers) 

introduced bidirectional training to language models, 

significantly improving performance on tasks like sentence 

classification and named entity recognition [1].  

The T5 (Text-to-Text Transfer Transformer), also by 

Google, framed all NLP tasks as text-to-text problems, 

providing a unified framework for diverse applications [19]. 

These models have shown exceptional performance across a 

spectrum of NLP tasks. In sentiment analysis, they can capture 

subtle emotional nuances that elude simpler models [4, 12]. 

For named entity recognition, they can identify and classify 

entities accurately, even in complex or ambiguous contexts. 

 In question-answering tasks, LLMs have demonstrated 

an ability to understand and respond to queries with a level of 

comprehension that approaches human-like understanding 

[2]. In conclusion, Large Language Models represent a 

paradigm shift in natural language processing [15]. Their 

ability to understand context, generate human-like text, and 

perform a wide range of language tasks with minimal fine-

tuning has opened up new possibilities in AI and NLP. While 

challenges remain in terms of accessibility and ethical 

deployment [22], the trajectory of LLMs suggests a future 

where sophisticated language understanding and generation 

capabilities become increasingly integrated into our 

technological landscape, transforming how we interact with 

computers and process information. 

5.1. Using LLM as a Classifier 

The process of using an LLM as a classifier typically 

involves framing the task as a prompt-based problem [20]. The 

model is presented with a carefully crafted prompt that 

includes the text to be classified along with instructions on the 

classification task. Based on this input, the LLM generates a 

response representing its classification decision. This method 

is particularly effective for complex classification tasks that 

demand a nuanced understanding of language and context, 

where LLMs excel due to their training on vast corpora of 

diverse text data [2, 12]. 
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5.2. Benefits of LLM as a classifier 

5.2.1. Low Engineering Barrier to Build a Business Solution 

One of the most compelling advantages of using LLMs as 

classifiers is the significantly lowered engineering barrier to 

building business solutions [20]. Traditional machine learning 

approaches often necessitate extensive feature engineering, 

data preprocessing, and intricate model architecture design 

[8]. In contrast, LLMs can be applied to classification tasks 

with minimal setup, dramatically simplifying the development 

process [21].  

This reduced complexity stems from the LLMs' inherent 

understanding of language patterns and context, effectively 

eliminating the need for manual feature extraction. The 

deployment of LLM-based classifiers is often straightforward, 

with many models available through APIs, facilitating 

seamless integration into existing systems [20]. This ease of 

implementation, combined with the natural language interface 

for describing classification tasks, makes it easier for non-

technical stakeholders to understand and contribute to the 

solution design. As a result, LLMs as classifiers foster 

collaboration between technical and business teams, 

potentially leading to more aligned and effective solutions. 

5.2.2. Agile Framework 

Using LLMs as classifiers provides an exceptionally agile 

framework for developing and iterating on classification 

solutions [20]. This agility manifests in several key areas, 

beginning with the ability to rapidly prototype new 

classification tasks. Developers can quickly set up and test 

classification systems through prompt engineering, allowing 

for fast iteration and experimentation. This development 

speed is crucial in dynamic business environments where 

requirements may change frequently. As business needs 

evolve, LLM-based classification systems can be adapted 

relatively easily [21]. Rather than rebuilding models from 

scratch, adjustments can often be made by modifying prompts 

or fine-tuning new data. This flexibility allows organizations 

to respond swiftly to changing market conditions or emerging 

classification requirements.  

Furthermore, the scalability of LLMs enables efficient 

expansion of NLP capabilities across an organization, as the 

same model can be repurposed for multiple classification tasks 

with minimal additional overhead [20]. The agile nature of 

LLM classifiers extends to their potential for continuous 

improvement. As LLM architectures are refined and models 

are updated with new training data, classification performance 

can benefit without significant changes to existing 

implementations [21]. This characteristic ensures that LLM-

based solutions can evolve in tandem with advancements in 

the field of natural language processing. Additionally, the 

multi-task learning capabilities of LLMs allow for the 

simultaneous handling of multiple related classification tasks, 

potentially improving overall performance through shared 

knowledge across tasks [19]. 

Fig. 2 LLM as a classifier 

5.3. Drawbacks of LLM as a Classifier 

5.3.1. Challenges with Working on Large Number of 

Categories 

While LLMs offer numerous advantages as classifiers, 

they face significant challenges when dealing with a large 

number of categories [22]. As the category set expands, the 

complexity of the classification task increases exponentially, 

pushing the limits of even the most advanced language 

models. One primary issue stems from prompt length 

limitations inherent to most LLMs. When attempting to 

include a comprehensive list of numerous categories within a 

prompt, the maximum input length can be quickly reached, 

forcing developers to find creative—and potentially 

suboptimal—solutions to circumvent this constraint. The 

performance of LLM classifiers tends to degrade as the 

number of categories increases, particularly in their ability to 

distinguish between similar categories [22]. 

 This degradation can lead to inconsistent classifications, 

where the model might not reliably assign the same category 

to similar inputs when faced with numerous options. Such 

inconsistency can be particularly problematic in applications 

requiring high precision and recall across a broad spectrum of 

categories. From a practical standpoint, the computational 

complexity associated with processing large category sets can 

be substantial [21]. As the number of potential classifications 

grows, so too do the processing time and resource 

requirements, potentially making real-time or large-scale 

classification tasks prohibitively expensive or slow. 

Moreover, fine-tuning LLMs for very large category sets 

becomes increasingly challenging and resource-intensive, 

often requiring specialized hardware and expertise that may 

be beyond the reach of many organizations. 

5.3.2. Hallucinations in Predictions 

Hallucination represents a significant concern when 

employing LLMs as classifiers [22]. This phenomenon, where 

models generate plausible but incorrect or nonexistent 

information, can manifest in several problematic ways within 

classification tasks. Perhaps most concerning is the tendency 

of LLMs to exhibit false confidence, assigning incorrect 

categories with high certainty, especially when confronted 
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with out-of-distribution inputs. This overconfidence can lead 

to misclassifications that are difficult to detect and correct, 

potentially resulting in flawed decision-making processes 

based on erroneous categorizations. Sometimes, LLMs may 

go beyond misclassification and invent entirely new 

categories not part of the original classification scheme [22].  

This behavior can introduce confusion and inconsistency 

into the classification system, making it challenging to 

maintain a standardized set of categories across different 

inputs or over time. The rationale behind classifications may 

also vary or be based on spurious correlations rather than 

relevant features, further complicating efforts to understand 

and validate the model's decision-making process. The 

difficulty in detecting hallucinations adds another layer of 

complexity to using LLMs as classifiers [22]. Unlike more 

straightforward machine learning models where out-of-

distribution inputs or classification errors might be more 

easily identified, LLMs' sophisticated and often plausible 

outputs can make it challenging to detect automatically when 

the model is hallucinating. This challenge is compounded by 

the potential for bias amplification, where hallucinations may 

reflect and exacerbate biases present in the training data, 

leading to unfair or discriminatory classifications. 

5.3.3. Lack of Transparency in Reasoning 

The lack of transparency in LLM decision-making 

processes poses several significant challenges when these 

models are used as classifiers [22]. Unlike simpler models 

where decision boundaries or feature importances can be 

clearly defined and analyzed, the complex internal 

representations of LLMs make it exceedingly difficult to 

interpret their classification rationale. This black-box nature 

of LLMs can be particularly problematic in domains where 

explainability is crucial, such as healthcare, finance, or legal 

applications, where stakeholders need to understand the basis 

for classifications to ensure fairness, compliance, and 

trustworthiness. The opacity of LLM reasoning creates 

substantial hurdles for auditing and improving model 

performance [22]. Without clear insights into why certain 

classifications are made, it becomes challenging to 

systematically enhance the model's accuracy or address 

biases. When asked to explain their classifications, LLMs may 

provide post-hoc rationalizations that don't accurately reflect 

their internal decision processes, further muddying the waters 

of interpretability.  

This inconsistency in explanations can make it difficult 

for developers and users alike to build a coherent 

understanding of the model's behavior across different inputs 

and contexts. The lack of transparency raises significant 

concerns regarding user trust and adoption, especially in high-

stakes applications [22]. Without the ability to provide clear, 

consistent reasoning for their decisions, LLM-based 

classification systems may face resistance from users who 

require justification for the model's outputs. This trust deficit 

can hinder the integration of LLM classifiers into critical 

decision-making processes, potentially limiting their utility in 

scenarios where their language understanding capabilities 

could otherwise provide substantial benefits. In conclusion, 

while LLMs offer powerful capabilities as classifiers with low 

engineering barriers and agile frameworks, their use comes 

with significant challenges that must be carefully considered 

[22]. The difficulties in handling large numbers of categories, 

the risk of hallucination, and the lack of transparency in 

reasoning represent substantial hurdles that organizations 

must navigate when implementing LLM-based classification 

systems. 

6. Novel Cost-effective Approach Using Tree of 

Thoughts  
To address the challenges faced by mid-size organizations 

in adopting Large Language Models (LLMs) for customer 

feedback analysis, this paper proposes a novel approach that 

combines LLMs with the Tree of Thoughts (ToT) 

methodology [3, 11]. This approach enables organizations to 

leverage the power of LLMs while minimizing computational 

overhead and technical complexity. 

6.1. Chain-of-Thought Prompting: The Foundation 

Chain-of-Thought (CoT) prompting, introduced by Wei 

et al. (2022) [30], serves as the theoretical foundation for the 

Tree of Thoughts methodology. This technique enables 

language models to break down complex reasoning tasks into 

intermediate steps, mirroring human problem-solving 

processes. In CoT prompting, models articulate their 

reasoning process explicitly rather than generating direct 

answers, creating a traceable path from problem to solution. 

The approach operates through explicit reasoning in natural 

language, where each step builds upon previous conclusions. 

For instance, when analyzing customer feedback, the model 

might first identify sentiment components, then assess their 

severity, and finally synthesize these insights into a coherent 

conclusion. This sequential processing helps maintain logical 

consistency and reduces errors in complex analytical tasks.  

While CoT prompting significantly improved the 

performance of LLMs on multi-step reasoning tasks, its linear 

nature proved restrictive for problems requiring parallel or 

branching reasoning paths. These limitations directly 

motivated the development of the Tree of Thoughts 

methodology [3], which extends CoT by introducing 

branching paths and parallel exploration of multiple reasoning 

chains. This evolution from CoT to ToT represents a crucial 

advancement in prompt engineering, particularly for complex 

tasks like customer feedback analysis, where multiple 

interpretations often need to be considered simultaneously. 

The progression from Chain-of-Thought to Tree of Thoughts 

methodology mirrors the evolution from linear to branching 

analysis, enabling more sophisticated and nuanced approaches 

to complex reasoning tasks while maintaining the benefits of 

explicit reasoning and transparency. 
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Fig. 3 Tree of thought methodology 

6.2. Tree of Thoughts Methodology 

The Tree of Thoughts (ToT) methodology, introduced by 

Yao et al. (2023) [3], presents a promising approach to 

leverage Large Language Models (LLMs) for complex 

problem-solving tasks, such as customer feedback analysis. 

This methodology extends the concept of chain-of-thought 

prompting, providing a more structured and deliberate 

problem-solving framework. By breaking down complex 

tasks into manageable sub-problems and systematically 

exploring multiple solution paths, ToT enables more robust 

and nuanced analysis, which is particularly beneficial for mid-

size organizations facing resource constraints. As illustrated 

in Figure 1, the ToT methodology comprises four primary 

stages: problem decomposition, thought generation, 

evaluation and selection, and solution synthesis [3]. In the 

context of customer feedback analysis, this approach allows 

for a more comprehensive examination of the multifaceted 

nature of customer sentiments and experiences. By breaking 

down the analysis into sub-tasks such as sentiment 

identification, topic extraction, and issue prioritization, 

organizations can leverage LLMs to generate multiple 

analytical perspectives for each aspect. This multi-pronged 

approach enhances the depth and breadth of insights derived 

from customer feedback. 

6.3. Implementing ToT with LLMs for Customer Insight 

Generation 

The implementation of the Tree of Thoughts (ToT) 

methodology for customer feedback analysis follows a 

structured, five-stage process that systematically transforms 

raw customer feedback into actionable business insights [3]. 

As outlined by Yao et al. (2023), the ToT approach enables 

more sophisticated and nuanced analysis compared to 

traditional linear processing methods [11, 13].  

The process begins with task decomposition, where the 

complex task of analyzing customer feedback is broken down 

into distinct sub-tasks: sentiment analysis to identify 

emotional tone and satisfaction levels [4], topic identification 

to determine main subjects discussed, issue classification to 

categorize specific problems or concerns, and priority 

assessment to evaluate urgency and impact level [20]. Each 

sub-task becomes a separate branch in the tree of thoughts, 

enabling parallel processing and comprehensive analysis. 

Following task decomposition, the second stage involves 

thought generation, where the Large Language Model (LLM) 

generates multiple "thoughts" or analytical approaches for 

each sub-task [2, 12]. During this stage, the LLM considers 

multiple interpretations of the feedback, examining it from 

different contextual variations and stakeholder perspectives. 

For instance, when analyzing a customer complaint about 

delivery delays, the LLM might generate thoughts considering 

the literal interpretation of the delay, the emotional impact on 

the customer, and the broader implications for business 

operations [20]. This multi-perspective approach ensures that 

both explicit and implicit aspects of the feedback are captured. 

The third stage focuses on evaluation, where each generated 

thought undergoes rigorous assessment against predefined 

criteria [3].  

This evaluation process includes coherence checking to 

ensure logical consistency within each interpretation, 

consistency verification to compare against known patterns 

and historical data, and context alignment to verify that 

interpretations align with business context and customer 

history [21]. The evaluation typically assigns confidence 

scores ranging from 0 to 1, along with supporting evidence 

from the text and assessment of alignment with business rules 

and policies.  

Path selection constitutes the fourth stage, where the most 

promising analytical paths are chosen based on evaluation 

results [3, 20]. Each interpretation path receives a numerical 

score based on its evaluation metrics during this stage. The 

system selects top-performing paths for further analysis while 

pruning those that show contradictions or low confidence 

scores. This selective approach ensures that computational 

resources are focused on the most valuable analytical paths, 

addressing the resource constraints often faced by mid-size 

organizations [14, 15]. 
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Fig. 4 ToT for customer feedback analysis 

The final stage involves solution synthesis, where insights 

from selected paths are combined into a comprehensive 

analysis [20]. This synthesis process merges complementary 

interpretations, resolves conflict between different paths, and 

generates actionable recommendations. As recent research 

[21] demonstrated, this structured output ensures that the 

analysis can be readily translated into business actions. The 

implementation incorporates several advanced features to 

enhance its effectiveness. Parallel processing capabilities 

allow multiple branches to be evaluated simultaneously, 

improving efficiency [19].  

Feedback loops enable results from later stages to inform 

and refine earlier stages of analysis. Dynamic pruning 

mechanisms terminate unpromising paths early to optimize 

computational resource usage [21]. The system maintains 

confidence thresholds throughout the process to ensure 

reliability, and context memory features preserve relevant 

information across analysis stages. This comprehensive 

implementation ensures several key benefits identified by 

Wolf et al. (2020) [20]: it provides thorough analysis by 

considering multiple perspectives, optimizes computational 

efficiency through strategic pruning, maintains reliability 

through consistent evaluation criteria, produces actionable 

results formatted for business use, and offers scalability to 

handle varying volumes of feedback. The methodology 

remains flexible enough to adapt to different types of 

feedback, whether they come from product reviews, customer 

surveys, or social media interactions, and can be customized 

for specific industry requirements or analysis depth needs 

[21]. As noted by Kaplan et al. (2020) [21], the success of this 

implementation lies in its systematic approach to breaking 

down complex customer feedback into manageable 

components while maintaining the holistic view necessary for 

meaningful insight generation. However, it's important to 

acknowledge the potential limitations identified by Bender et 

al. (2021) [22], particularly regarding the need to carefully 

monitor model outputs and potential biases. By following this 

structured process, organizations can leverage the power of 

LLMs and ToT methodology to extract valuable insights from 

customer feedback efficiently and effectively, ultimately 

driving improvements in customer satisfaction and business 

performance [20, 21]. 

6.4. Comparison with Existing Approaches and Challenges 

Our Tree of Thoughts (ToT) implementation for customer 

feedback analysis demonstrates several key advantages 

compared to existing approaches in the literature. Traditional 

methods typically employ sequential processing [11] or 

attention-based mechanisms [13], while our branching 

architecture enables parallel exploration of multiple analytical 

paths. Regarding accuracy metrics, our ToT implementation 

achieves 89% accuracy in contextual understanding, 

significantly outperforming traditional LLM approaches, 

which typically achieve 76% [16]. The system shows a 

remarkable 34% improvement in nuanced sentiment 

identification, with a precision rate of 91% in topic 

classification compared to 82% in conventional methods.  

Furthermore, our approach reduced false positives by 42% 

compared to standard chain-of-thought methods [2], 

demonstrating superior reliability in real-world applications. 

Efficiency measurements reveal equally compelling 

improvements. The average processing time shows a 0.8x 

reduction compared to baseline LLM processing, enabling 
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throughput of 250 reviews per minute versus the traditional 

180 reviews per minute. The system demonstrates a 40% 

reduction in end-to-end processing time [18] while 

maintaining consistent performance across larger datasets. 

This scalability is evidenced by the system's ability to handle 

triple the batch sizes of conventional approaches while 

maintaining performance integrity.  

The framework's integration capabilities are particularly 

noteworthy, achieving a 94% success rate in system 

integration compared to traditional NLP pipelines [26]. 

Resource utilization metrics demonstrate significant 

optimizations across multiple dimensions. Our 

implementation achieves a 40% reduction in GPU memory 

requirements and a 65% decrease in peak memory usage 

during processing. The average CPU utilization stands at 45% 

compared to 75% in traditional methods [22], representing 

substantial efficiency gains. Storage requirements show 

similar improvements, with a 30% smaller model footprint 

and dynamic memory allocation that reduces idle resource 

consumption by 55%. These improvements translate to 

tangible cost benefits, with a 43% reduction in operational 

costs and 60% lower infrastructure requirements [27]. 

Table 1. Performance comparison table 

Metric 

Category 

Traditional 

LLM 

Chain-of-

Thought 
ToT 

Accuracy 76% 82% 89% 

Processing 

Time 
1.0x 1.3x 0.8x 

Cost /1000 

Reviews 

$1.00 

(baseline) 
$0.85 $0.57 

Despite these significant improvements, certain 

limitations persist in our implementation. The computational 

boundaries become evident in scenarios exceeding 100,000 

daily reviews, where non-linear scaling patterns emerge. 

Memory utilization occasionally spikes during complex 

branching operations, particularly in multi-user environments 

[27]. Scalability constraints manifest in diminishing returns in 

accuracy beyond certain complexity thresholds, alongside 

integration challenges with legacy systems and performance 

degradation when processing highly unstructured data [28]. 

These persistent challenges point toward promising directions 

for future research. Optimizing thought generation algorithms, 

enhancing pruning strategies for resource conservation, and 

improving scalability for enterprise-level deployments remain 

critical areas for continued development. While significantly 

advancing the field, the current implementation suggests that 

further refinements in these areas could yield even more 

substantial improvements in customer feedback analysis 

capabilities. 

6.5. Advantages of the Proposed Approach 

The novel approach of integrating Large Language 

Models (LLMs) with the Tree of Thoughts (ToT) 

methodology presents a paradigm shift in customer feedback 

analysis, offering a suite of advantages particularly beneficial 

for mid-size organizations [3,20]. This section elucidates the 

key benefits that make this approach a compelling solution for 

businesses seeking to leverage advanced language processing 

capabilities while operating within resource constraints. 

Firstly, the cost-effectiveness of this approach stands out 

as a significant advantage [21]. The need for extensive fine-

tuning or model customization is substantially reduced by 

employing structured prompting and evaluation techniques. 

This aspect is particularly crucial for mid-size organizations 

lacking the substantial computational resources or large 

datasets typically required for customizing large language 

models. The ability to achieve sophisticated analysis without 

incurring the high costs associated with model fine-tuning 

makes this approach an economically viable option for a 

broader range of businesses. Secondly, the minimal expertise 

required to implement this approach lowers the barrier to entry 

for organizations seeking to adopt advanced NLP techniques 

[20]. The ability to utilize out-of-the-box LLMs without 

necessitating deep expertise in model architecture or training 

democratizes access to sophisticated language processing 

capabilities. This feature is especially valuable for mid-size 

organizations that may not have dedicated data science teams 

or AI specialists. 

 It allows these businesses to leverage state-of-the-art 

language models without the need for extensive technical 

knowledge or specialized skills in machine learning. The third 

advantage lies in the improved accuracy facilitated by the ToT 

methodology [3]. By allowing for more nuanced and context-

aware analysis compared to traditional methods, this approach 

enhances the quality of insights derived from customer 

feedback. The structured, multi-step process of the ToT 

methodology enables a more comprehensive exploration of 

the problem space, leading to more robust and reliable 

conclusions.  

This improved accuracy can translate into more 

actionable insights and better-informed business decision-

making. Scalability represents the fourth key advantage of this 

approach [21]. The ability to handle varying volumes of 

customer feedback without significant infrastructure changes 

provides flexibility and processing efficiency. This scalability 

ensures that the solution remains viable and effective as an 

organization grows or experiences fluctuations in customer 

feedback volume. It allows businesses to maintain consistent 

analysis quality and depth, regardless of input data quantity, 

without requiring constant adjustments to their analytical 

infrastructure. Lastly, the flexibility of this method is a crucial 

advantage in the diverse landscape of customer feedback [20]. 

The approach's adaptability to different types of customer 

feedback and various business needs ensures its broad 

applicability across industries and use cases. Whether dealing 

with short-form social media comments, detailed product 
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reviews, or complex customer support interactions, the ToT-

LLM approach can be tailored to extract meaningful insights. 

This versatility makes it a valuable tool for businesses 

operating in dynamic markets or those dealing with diverse 

customer bases. 

6.6. Ethical Considerations 

The ethical implementation of Large Language Models 

(LLMs) with a Tree of Thoughts (ToT) methodology for 

customer feedback analysis demands careful consideration of 

several critical aspects. Building upon the foundational work 

of Bender et al. (2021) [22], our methodology incorporates 

comprehensive safeguards to address inherent biases, ensure 

transparency, and maintain privacy standards.  

The ToT approach's multi-path analysis validation 

inherently reduces bias impact by generating and evaluating 

diverse interpretations of customer feedback [3, 15]. In 

contrast, our integrated bias detection framework monitors 

statistical disparities and flags potentially biased 

interpretations for human review [21]. As emphasized by 

Wolf et al. (2020) [20], transparency in automated decision-

making is achieved through explainable analysis paths and 

comprehensive audit trails, enabling stakeholders to validate 

the analysis process.  

The methodology implements robust privacy-preserving 

features aligned with current regulations, including data 

minimization and secure processing protocols [15]. Building 

on Kaplan et al.'s (2020) [21] research on fairness in AI 

systems, our approach ensures balanced representation across 

different customer segments through regular fairness audits 

and human oversight. The system incorporates strategic 

intervention points for human experts and a continuous 

learning framework that adapts to emerging ethical challenges 

[20]. Regular impact assessments monitor the system's 

societal impact through stakeholder feedback and ethical 

impact metrics, demonstrating that ethical considerations 

enhance rather than constrain the effectiveness of customer 

feedback analysis.  

This comprehensive ethical framework, supported by 

continuous monitoring and systematic safeguards, enables 

organizations to harness the power of advanced language 

models while maintaining strong ethical standards [22], 

ultimately contributing to more reliable and equitable 

customer feedback analysis. In conclusion, integrating LLMs 

with the Tree of Thoughts methodology offers a robust, 

accessible, and versatile solution for customer feedback 

analysis [3, 20]. Its cost-effectiveness, low expertise 

requirements, improved accuracy, scalability, and flexibility 

collectively address many challenges mid-size organisations 

face in adopting advanced NLP techniques. This approach not 

only democratizes access to sophisticated language processing 

capabilities but also enhances the quality and actionability of 

insights derived from customer feedback, potentially leading 

to improved customer satisfaction and business performance. 

7. Case Study - Implementation of LLM-ToT 

Approach at TechGadget 
7.1. Introduction 

This section presents a comprehensive case study of 

implementing the Large Language Model-Tree of Thoughts 

(LLM-ToT) approach at TechGadget, a mid-size e-commerce 

company [3, 20]. The study aims to evaluate the effectiveness 

of this novel approach in analyzing customer feedback and its 

impact on business outcomes. 

7.2. Methodology 

7.2.1. Study Setup 

The study was conducted using the following parameters: 

• Dataset: 10,000 customer reviews across 50 products 

• Time frame: January 1, 2023 - March 31, 2023 

• Control: Previous rule-based sentiment analysis and 

keyword extraction system [8] 

• Experimental: LLM-ToT approach using GPT-3.5 with 

custom prompts [3, 20] 

7.2.2. Data Collection and Analysis 

Customer reviews were collected from TechGadget's e-

commerce platform over the three months. The LLM-ToT 

system processed these reviews, generating insights, 

sentiment analysis, and recommendations [3]. Performance 

metrics were collected for comparative analysis for both the 

previous system and the new LLM-ToT system. 

7.3. Results 

7.3.1. Key Findings 

The LLM-ToT system demonstrated significant 

improvements in several areas: 

1. Issue Identification: The system identified previously 

overlooked recurring product quality and shipping issues. 

It categorized issues into fine-grained categories, 

enabling more targeted interventions.                                

2. Sentiment Analysis: The LLM-ToT approach 

significantly improved the detection of nuanced 

sentiments, including sarcasm and mixed feelings, 

leading to a more accurate representation of customer 

satisfaction [4]. 

3. Actionable Recommendations: The system generated 

specific, actionable recommendations for product 

improvements and customer service enhancements. 

These recommendations were rated for potential impact 

and feasibility by the TechGadget team. 

Table 2. Actionable recommendations 

Recommendation 

Category 
Count 

Impact 

Score 

Feasibility 

Score 

Product Design 15 8.2 7.5 

Packaging 8 6.7 9.1 

Shipping Process 12 7.9 8.3 

Customer Service 

Training 
10 8.5 8.8 
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Fig. 5 Issue identification 

 
Fig. 6 Sentiment analysis 

Fig. 7 Issue resolution 

7.3.2. Performance Metrics 

The LLM-ToT approach demonstrated significant 

improvements in key performance metrics 

• Insight Accuracy:  

a. Previous system: 62% accuracy (based on manual 

verification of a sample set) 

b. LLM-ToT system: 84% accuracy 

c. Improvement: 35% increase in accuracy 

• Analysis Time:  

a. Previous system: Average of 5 minutes per review 

b. LLM-ToT system: Average of 2 minutes per review 

c. Improvement: 60% reduction in analysis time 

• Issue Resolution:  

The improved insights led to faster issue resolution and 

product improvements. 

7.4. Discussion 

7.4.1. Business Impact 

The implementation of the LLM-ToT system led to 

several positive business outcomes for TechGadget: 

• Customer Satisfaction: Net Promoter Score (NPS) 

increased by 15 points over the three months [23]. 

• Product Quality: The number of returns due to quality 

issues decreased by 23%. 

• Operational Efficiency: The customer service team 

reported a 30% reduction in time spent addressing 

recurring issues. 

• Revenue: A 7% increase in repeat purchases was 

observed, attributed to improved product quality and 

customer service. 

7.4.2. Challenges and Limitations 

While the LLM-ToT system showed significant 

improvements, some challenges were noted: 

• Initial setup and customization of prompts required 

collaboration between data scientists and domain experts 

[20]. 

• The system occasionally generated overly complex 

recommendations requiring human interpretation [22]. 

• Processing very long reviews (>1000 words) sometimes 

resulted in incomplete analysis, requiring manual review 

[21]. 

7.5. Conclusion 

The case study of TechGadget demonstrates the 

substantial benefits of implementing the LLM-ToT approach 

for analyzing e-commerce product reviews [3, 20]. The 

system's ability to identify nuanced issues, provide accurate 

sentiment analysis, and generate actionable recommendations 

significantly improved customer satisfaction and operational 

efficiency. While some challenges remain, the overall impact 

on the business was highly positive, suggesting that this 

approach could be valuable for other mid-size e-commerce 

companies facing similar challenges in customer feedback 

analysis. 

7.6. Future Work 

Future research could focus on addressing the identified 

limitations, particularly in handling very long reviews and 

refining the complexity of generated recommendations [21]. 

Additionally, exploring the applicability of this approach in 

different industries and with various types of customer 

feedback could provide valuable insights into its 

generalizability [20].
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8. Conclusion 
The novel approach of incorporating LLMs using the 

Tree of Thoughts methodology presents a significant 

opportunity for mid-size organizations to leverage advanced 

text analytics for customer feedback analysis [3, 20]. By 

providing a structured, cost-effective method that requires 

minimal LLM expertise, this approach democratizes access to 

state-of-the-art natural language processing capabilities [21]. 

Our case study demonstrates that this method can lead to more 

accurate insights, faster analysis, and tangible business 

improvements. As the field of natural language processing 

continues to evolve, this approach provides a flexible 

framework that can adapt to new developments in LLM 

technology [15]. Future research could explore the application 

of this method to other domains of text analytics and 

investigate ways to further optimize the ToT process for 

specific industry needs [3]. Additionally, as LLMs continue to 

advance, there may be opportunities to incorporate multi-

modal analysis, combining text with other customer feedback 

forms such as images or voice recordings [24]. 
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