
International Journal of Computer Trends and Technology                                                     Volume 73 Issue 1, 119-127, January 2025 

ISSN: 2231–2803 / https://doi.org/10.14445/22312803/IJCTT-V73I1P114                                                © 2025 Seventh Sense Research Group®  
     

 This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 

Original Article 

AI Enhanced User Feedback Systems for Product 

Managers: Leveraging Data to Drive Insights  

Dhruv Sawhney1, Abhai Pratap Singh2 
 

1Independent Researcher, San Francisco, California, USA. 
2Independent Researcher, Sunnyvale, California, USA. 

 
1Corresponding Author : dhruvsawhney04@gmail.com 

Received: 28 November 2024               Revised: 01 January 2024              Accepted: 18 January 2025                Published:  31 January 2025 
 

Abstract - This paper examines whether AI-enhanced user feedback systems can transform product managers when consumer 

expectations change dynamically in the digital era. It looks at how two of the fastest-evolving technologies, Artificial 

intelligence and machine learning, make a big difference in collecting, processing, and interpreting user feedback information. 

This research points out a number of the positive attributes of AI-driven systems: real-time sentiment analysis, predictive trend 

forecasting, and automated categorization of user comments. This paper discusses challenges and other ethical issues in 

implementing such advanced systems. Our results show that AI-enhanced feedback mechanisms have significantly enhanced 

product development cycles, customer satisfaction, and overall business performance. This research will provide valuable 

insights for product managers leveraging bleeding-edge technology to drive data-informed decisions and stay ahead of the 

competition in today's dynamic market landscape.  
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1. Introduction 
In today's product development landscape, user feedback 

has become an indispensable component of success. With 

markets becoming highly competitive and the rapid evolution 

of consumer preferences, understanding users' needs, 

preferences, and challenges is highly important in creating 

products that resonate with target audiences. User feedback 

enables product managers to gain insights into how well their 

current offerings perform and areas where improvement and 

innovation are needed. This, therefore, underlines the 

importance of user feedback as it guides decision-making 

processes in product development so that the products move 

along with the expectations of the users and market demands. 

While product managers increasingly recognize the 

importance of user insights, the challenge remains ineffective 

in collecting and analyzing such feedback to derive actionable 

insights that can drive product enhancements [1].  

 

While product managers have increasingly emphasized 

the importance of user insights, effectively collecting and 

analyzing such feedback remains problematic. Traditional 

approaches fall short of providing actionable insights from the 

enormous volume of data users contribute, potentially 

impacting the capacity for meaningful product improvement. 

This implies the immediate need for more effective ways to 

use user feedback. 

Artificial Intelligence plays a significant transformational 

role in the evolution of user feedback systems that enable 

product managers to overcome the complexity in the 

collection and analysis of data. With AI technologies, 

companies can automatically extract insights from vast 

volumes of user-generated data, such as reviews and ratings, 

which are growing to an extent that any human intervention 

could not analyse. AI-driven analytics can pinpoint patterns 

and trends in user feedback that might provide much more 

clarity for the product manager on user sentiment and 

behavior. 

 

AI strengthens the inclusion of users' feedback into 

product development and enables companies to be more agile 

toward users' needs. This smoothing accelerates continuous 

improvement within the culture of an organization. Thus, AI-

based feedback systems will change how product managers do 

their job: collect, analyze, and use user insights. These systems 

turn user feedback from a passive opinion into a dynamic 

source of actionable intelligence, enabling product managers 

to make informed decisions that increase product quality, user 

satisfaction, and business performance. Recent developments 

in large language models and generative AI have allowed 

automating and improving feedback processing, raising 

natural language understanding to a new level to capture the 

context and nuance needed for informed product decisions. 

http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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Integrating AI into feedback mechanisms allows 

organizations to shift from reactive to proactive customer 

management strategies. Incorporating structured data with 

advanced AI tools enhances efficiency and places the 

customer's voice as a key element of product innovation [3]. 

 

This paper's thesis hypothesizes that AI-enhanced user 

feedback systems mark a tectonic shift in how organizations 

engage with their users and adapt products rather than an 

evolution of traditional methods. It then provides a practical 

framework for product managers to use such AI advancements 

effectively to support and improve data-driven decision-

making. 

  

2. The Landscape of User Feedback in Product 

Management  
Over the years, user feedback has changed how product 

management works and operates- from traditional methods to 

very technological ones. Conventionally, product managers 

would capture user insight using survey methods, focus 

groups, and direct interviews. These were tedious and not 

comprehensive methods of knowing user feedback. For 

instance, traditional paper-based surveys are susceptible to 

human errors and may not lead to timely or actionable insights 

and feedback [4]. In some cases, the qualitative nature of focus 

groups might be problematic in that the opinions of more vocal 

participants could overwhelm those of the quiet members and, 

therefore, distort the results. Hence, while these conventional 

methods have merits, they often fail to provide wholesome 

insights that may be instructive in product development 

decision-making. 

 

The key challenge in large-scale feedback collection and 

analysis is the volume and diversity of data collected from 

various platforms and channels. Digital media interactions 

between organizations and users have grown so much that the 

landscape of feedback has gone beyond online reviews, social 

media comments, and user-generated content, posing 

significant obstacles for practical analysis. Product managers 

often can't distil valuable insights from a large volume of 

unstructured feedback since it is highly contextual and 

variable in tone, sentiment, and relevance. Furthermore, many 

classical analysis techniques often can't scale up to the 

quantity and quality of feedback provided, with missed 

opportunities to improve and innovate the products [5]. 

 

Given these challenges, more efficient and insightful 

feedback mechanisms are sorely needed to automate data 

collection and distillation. Feedback systems can be enhanced 

using AI to handle data in an automated and advanced 

analytical manner. These aggregated feedback tools gather 

feedback across multiple platforms, apply sentiment analysis, 

and provide actionable information in near real-time [6]. Thus, 

AI technologies help product managers ensure more accurate 

feedback analysis, as it will be much more responsive and 

user-oriented toward developing their products or services. 

Such systems must be implemented for organizations that 

want to be ever competitive in this dynamic environment. This 

will help an organization to be more responsive in adapting to 

the changing tastes and preferences of the target users. 

 

3. Design 
The design of the proposed AI-powered feedback 

processing framework focuses on leveraging advanced 

Natural Language Processing (NLP) and machine learning 

techniques to transform unstructured customer feedback into 

structured, actionable insights. The framework integrates 

multiple components, including data ingestion, modeling, 

sentiment analysis, and feedback categorization, orchestrated 

through a central system. Large Language Models (LLMs) are 

used to understand the context and emotions embedded in 

customer feedback, ensuring nuanced insights are captured. 

The design ensures that the correct information will be 

provided to the product managers, who can quickly identify 

and act upon the most critical feedback, driving informed, 

data-driven decision-making [7]. 

 
3.1. Data Architecture 

The architecture of this proposed AI-enhanced User 

Feedback System is designed as layers, each responsible for 

doing specific tasks in the pipeline; these include the input 

data layer, model layer, and output layer, whose smooth 

transitions and integrations are ensured by the proper mapping 

of data.  

 
3.1.1. Input Layer 

 The input layer aggregates data from all feedback 

channels, including social media, app store reviews, support 

tickets, customer surveys, and more. This data comes in 

multiple formats: text, audio, and video. The raw customer 

feedback data is ingested into the system in real-time using 

APIs or batch processing methods [8]. 

 

3.1.2. Model Layer  

AI model-based layer is where raw data input is processed 

for analysis. It uses LLM models so that textual feedback can 

turn into understandable forms: finding recurring themes, 

extracting significant entities, understanding context 

sentiment, and making sense thereof. Sentiment analysis 

algorithms run the gauntlet about positive, negative, or even 

neutral expressions in feedback to gain insight into a deep 

understanding of customer experiences.  

 

While the category models have different buckets of 

feature, performance, and usability categorization, 

prioritization models, on their part, order the inputs in a 

numerical format on their level of importance or urgency, 

perhaps linked to variables such as frequency, seriousness of 

severity, or impact that in turn help product teams to make fast 

data-driven decisions.[9]. 
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Fig. 1 User feedback analysis data architecture 

 

3.1.3. Output Layer  

The output layer equips the product manager with 

actionable insights that, in their totality, provide a 

comprehensive and strategic understanding of customer 

feedback at a product-specific level. It delivers quick 

summaries of the feedback, underlining the most prevalent 

issues related to each line item in a product, enabling one to 

find recurring patterns and opportunities quickly. Analyzing 

the most critical drivers in detail, the sentiments speak of 

frustration, points of satisfaction, and confusion regarding 

product features. This feedback is then organized into 

actionable themes and clusters to show a more structured view 

of customer concerns. Interpretable prioritization dashboards 

ensure insights into trends, frequencies, and severities 

necessary to focus on the most influential improvements [10, 

11]. Besides, it provides a heat map with feedback intensity 

for product categories. Additionally, AI-driven 

recommendations extend support for better context-aware 

suggestions regarding feature enhancement, bug fixing, and 

new opportunities. Next, insights can also be well segmented 

by demographics in customers, regions, and usage patterns to 

tailor their approaches for very particular user groups. Finally, 

periodic reporting will provide comprehensive, time-bounded 

analyses of trends and actionable recommendations; product 

teams easily align their roadmaps according to customers' 

needs and organizational goals. The integrated approach 

enables product managers to make informed, strategic 

decisions that enhance satisfaction across all product 

dimensions.[12]. 

 

3.2. Data Collection  

The strength of data collection is pivotal for the ultimate 

effectiveness of any AI-enhanced system for user feedback. 

By ensuring it catches on with varied, top-quality data from 

disparate sources, collected, cleaned, and churned out under 

the conditions required for the analyses, AI models become 

empowered enough to extract deep insights. 
 

3.2.1. Sources of Feedback  

Collecting diverse customer feedback involves designing 

robust pipelines to ingest, process, and store data from various 

sources, ensuring scalability, reliability, and accessibility for 

downstream analysis. These sources include structured and 

unstructured data streams, requiring a combination of APIs, 

ETL (Extract, Transform, Load) processes, and data 

enrichment techniques to unify disparate formats and maintain 

high data quality [13]. 
 

Call Transcripts 

Speech recognition services ingest voice-to-text 

transcriptions of customer support calls. These transcripts are 

then processed to extract key insights, such as recurring issues 

or sentiment indicators. Data pipelines ensure transcripts are 

tagged with relevant metadata (e.g., call date and agent ID) 

and securely stored for analysis [14]. 
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Surveys 

Data from NPS (Net Promoter Score), CSAT (Customer 

Satisfaction), and custom surveys is pulled from platforms like 

Google Forms or Qualtrics via APIs or batch file uploads 

[15].  Preprocessing involves cleaning and mapping survey 

responses into structured formats, ensuring compatibility with 

other data streams. 

 

Ratings and Reviews 

API integrations collect numerical ratings and textual 

reviews from stores, social media, and e-commerce platforms. 

Data engineering processes standardize the format, tag 

reviews by product or region, and enrich them with sentiment 

scores for deeper analysis [16]. 

 

Ticket Support 

These are the detailed logs of the customers' issues sorted 

by their resolution status, response times, and priority 

assigned to them. 

 

Chatbot Interactions 

AI-driven customer service chatbot logs are collected 

through integrations based on webhooks or API streams. 

These logs are then tokenized and processed to identify 

common complaints-related inquiries and themes. This dataset 

is further enhanced with additional metadata, such as session 

duration and customer intent tags. 

 

Social Media 

To extract unstructured feedback from emails and social 

platforms like Twitter, Facebook, and LinkedIn, API 

connectors (e.g., the Twitter API) must be combined with text 

parsing tools. This data is then cleansed, de-duplicated, and 

enhanced with contextual metadata, including timestamps, 

customer sentiment, and platform source. 

 

3.2.2. Data Ingestion Mechanisms 

Application Programming Interface (API) 

APIs are used to pull data in real-time or batches from 

sources such as CRM systems, ticketing platforms (e.g., 

Zendesk, ServiceNow), survey tools (e.g., Qualtrics, Google 

Forms), Call logs (Zoom), and app stores. 

 

ETL Pipelines 

Automated Extract, Transform, Load (ETL) pipelines 

bring data from disparate systems into a centralized data 

warehouse, ensuring compatibility and uniformity. 

 

Manual Uploads 

For legacy data or sources without APIs, CSV or other 

file formats can be manually imported into the system. 

 

3.3. Data Preprocessing 

Collected raw feedback data is fully preprocessed, 

ensuring it is cleaned and standardized for analysis. 

 

3.3.1. Cleaning 

Noise removal is one of the key steps in preprocessing 

Customer Feedback Data for relevant purposes in analysis. 

This includes irrelevant text with many duplicate entries and 

non-informative lines, such as generic email or social media 

greetings/closures, which add little value to the delivered 

insight. Special attention is paid to handling special characters 

at first; emojis, besides irregular formatting failures, primarily 

via Social Media posts and various logs from chatbots, are 

subject to this. It also involves text normalization techniques, 

which help address spelling errors and inconsistencies by 

normalizing the data to be compatible with most natural 

language processing models. These steps guarantee that the 

data will be clean, consistent, and prepared for analysis [18]. 

 

3.3.2. Standardization 

Standardization unifies the format and aligns all diverse 

feedback data fields to make them easier to analyze. This 

would cover all critical fields, including date/time, customer 

name, and numerical rating, so there is coherence in the data 

formats. In addition, for categorical data-survey responses, the 

data is mapped into predefined labels or tags in a consistent 

taxonomy. The net result of these different ways of 

standardizing is to make data integration from various sources 

easier and to facilitate the analysis and comparison of insights 

more efficiently [19]. 

 

3.3.3. NLP - Preprocessing 

NLP preprocessing reads textual feedback for analysis 

through techniques that make meaningful insights possible. 

Tokenization splits the text into words or phrases, creating 

manageable units for further processing. Stemming and 

lemmatization reduce words to their base forms, such as 

lowering "running" to "run," to unify variations of similar 

terms and make them more consistent. Stop word removal 

deletes common irrelevant words like "the" and "and," which 

enables a system to concentrate on more relevant content. 

Certain entities within the text, such as product names, 

features, and geographical locations, are recognized to reach 

an in-depth analysis of context and key topics of customer 

feedback. Such preprocessing purifies, organizes the text, and 

prepares for higher-order analysis [20]. 

 

3.3.4. Data Augmentation and Enrichment 

Various augmentation and enrichment techniques are 

applied to enhance the quality and context of customer 

feedback data. Sentiment labels are pre-assigned to text entries 

using sentiment analysis models, categorizing feedback as 

positive, neutral, or harmful to provide immediate insight into 

customer emotions. Our models will also draw insight from 

the transcript, which could be categorized into multiple 

categories such as pricing, product features, etc. Entity linking 

associates extracted entities, like product names or features, 

with known categories or hierarchies, allowing a structured 

view of feedback aligned with product attributes. 

Additionally, language translation is employed to standardize 
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the feedback in one common language, making the analysis 

consistent across regions and removing the language barrier. 

Generative AI also plays a key role in generating synthetic 

data for data augmentation and Enrichment. Generative 

Models, such as GANs (Generative Adversarial Networks) or 

diffusion models help in creating samples for existing datasets 

[21]. 

 

3.3.5. Data Quality Assurance 

The high quality of data is the only assurance for reliable 

insights. It involves outlier detection and removal, such as 

extremely high or low ratings without context and irrelevant 

conversations between Customer Success Managers and the 

customer that can bias the analysis. Missing values are 

imputed using median, mode, or predicted values based on 

historical patterns. These measures ensure the data remains 

accurate and representative, supporting robust analytical 

outcomes [22]. 

 

3.3.6. Storage and Indexing 

After processing, the feedback data resides in a single 

repository with organized tables or document databases. This, 

in turn, aims at correct storage and access, while proper 

indexing enables quick querying. Each of the feedback entries 

would be supplemented with metadata, making contextual 

analysis and segmentation possible. Good practices prepare 

data for deep insights and analytics [23].

       
Table 1. Formula-based evaluation of data quality metrics 

Metric Why it Matters High-level Formula/Approach 

Accuracy Ensures decisions based on feedback align with customer 

needs and prevents misinterpretation of their expectations. 

Accuracy = (Correct Feedback / Total 

Feedback) × 100 

Completeness Provides a holistic view of customer feedback, avoiding 

gaps that might skew analysis or decision-making. 

Completeness = (Data Collected / Data 

Expected) × 100 

Timeliness Helps organizations react promptly to issues or trends, 

maintaining a competitive edge and improving customer 

retention. 

Timeliness = (Current Feedback Age / 

Expected Feedback Age) × 100 

Consistency Prevents contradictory insights and ensures reliability 

when aggregating and analyzing customer responses. 

Consistency = 1 - (Variance Across 

Channels / Mean Feedback) 

Relevance Keeps analysis focused on solving relevant problems and 

ensures alignment with the organization’s objectives. 

Relevance Score = Σ(Topic Words 

Matched) / Total Feedback Words 

Sentiment 

Accuracy 

Improves the reliability of AI-driven insights by reducing 

misclassifications that could mislead business decisions. 

Sentiment Accuracy = (Correct Sentiment 

Predictions / Total Sentiment Predictions) 

× 100 

Granularity Allows for actionable improvements by identifying 

nuanced issues rather than broad or vague categories. 

Granularity = Σ(Unique Details or Topics 

Mentioned) / Total Feedback Entries 

Bias Ensures fairness in data-driven decisions and prevents 

skewed results that favor specific demographics or 

outcomes. 

Bias = (Skewed Responses / Total 

Responses) or measured using statistical 

tests like Chi-Square. 

 

4. Results 
The proposed AI-powered feedback processing 

framework has a high potential to transform customer 

feedback into actionable insights with advanced data 

collection, preprocessing, and NLP-driven analysis, hence 

enabling organizations to handle large volumes of 

unstructured data from multiple sources efficiently. 

Implementing sentiment analysis, entity linking, and 

categorization models enables detailed clustering of customer 

concerns and thus assists product managers in prioritizing 

enhancements effectively. It captures multi-varied customer 

inputs from various sources in nature, like transcripts of call 

surveys across social media platforms, through support 

tickets, ensuring no substantial feedback goes left unheard. 

Specific preprocessing steps provide fine-grained insights by 

reducing inconsistencies and unnecessary noise: cleaning, 

standards normalization, or data enhancement. 

Simultaneously or simultaneously, APIs and ETL pipelines 

provide near real-time information aggregation to quickly turn 

this into customer concerns [24]. Also, the interactive 

dashboards built for product managers provided a clear 

roadmap for AI-generated recommendations on product 

improvements while maintaining strategic alignment with 

customers. The modular design will keep the system scalable 

while it grows with the increased volume of feedback from 

expanding products. All this has made feedback processing 

proactive and transformed a data-driven decision-making 

process that used to be labor-intensive and reactive [25] 

  

5. Ethical Considerations 
With AI technologies increasingly integrating into user 

feedback systems, several ethical considerations should be 

addressed to ensure responsible and effective implementation. 

These concerns involve privacy concerns, the need for 

unbiased analysis, and the importance of transparency in AI-

driven decision-making processes. 
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5.1. Privacy Issues Associated with AI-Powered Feedback 

Collection 

Among the most critical ethical issues, AI-powered 

collection of feedback concerns user privacy protection. An 

AI system collecting, storing, and using personal information 

raises serious questions regarding data security and consent by 

users [26]. Because AI systems must process large volumes of 

user data to work efficiently, the chances of unauthorized 

access and misuse of sensitive information become very high. 

It thus requires proper data protection by the organizations 

concerned and adherence to regulations on information 

privacy [27].  

 

This calls for what information of users may be collected, 

how this information is used or even shared, and for what 

purpose to be explicitly sought from those users. Such 

omissions in protecting personal information will make users 

suspicious of the AI-enhanced feedback system. They might 

even encourage legal action against them, undermining their 

effectiveness.  

 

5.2. Guaranteeing that User Feedback is Analysed Without 

Bias 

Another critical ethical issue is the potential biases in 

analyzing user feedback. AI algorithms can accidentally 

perpetuate existing biases in the training data and interpret 

user sentiments and preferences in biased ways [28, 29]. Such 

biases could result in unfair treatment for certain groups of 

users and may reinforce stereotypes or exclude marginalized 

voices from the feedback process. These might be mitigated 

by training the AI models using diverse and representative 

datasets and continuously updating and testing the algorithms 

against bias [30]. It is essential, moreover, that every 

organization has a policy on using AI by implementing the 

principles of fairness and inclusivity in the analysis of 

feedback. By actively working against biases, product 

managers will go the extra mile to have feedback analyzed in 

a manner reflective of the true diversity that's out there in 

users' experiences and needs. 

 

5.3. Transparency of AI-Driven Decision-Making Processes 

Transparency is one of the significant factors in the 

ethical use of AI, especially in those decision-making 

processes influenced by insights generated through AI. That 

is, users and stakeholders must be aware of how AI systems 

reach their conclusions to trust and hold them accountable for 

their actions and decisions [31, 32]. The transparency will be 

provided using AI techniques that explain the reasoning 

behind AI-driven recommendations and decisions [26]. By 

making the decision-making procedures more accessible, AI 

systems can allow users to engage critically or make informed 

choices based on the insights generated by a system. This 

further allows an organization to trace and fix any probable 

biases or inaccuracies of the feedback analysis, therefore 

enhancing the overall reliability of the insights derived from 

user feedback [33]. 

6. Future Trends Relating to AI-Enhanced 

Feedback Systems 
The landscape of AI-enhanced feedback systems will 

continue to evolve with emergent technologies and changing 

methodologies. As product managers continue working to 

make collecting and analyzing user feedback more efficient, a 

few trends are expected to take center stage for the future of 

feedback systems. This section will discuss the potential 

impact of up-and-coming technologies on integrating AI with 

other product management tools and the general forecast for 

how user feedback mechanisms will change in comparison. 

 

6.1. New and Emerging Technologies and the Potential 

Impact 

Soon, emerging technologies such as Agentic AI, 

quantum computing, and spatial computing will take AI-

enhanced feedback systems to the next level. Agentic AI, a 

subclass of AI that can independently make decisions and act 

on user feedback, will enable changes in products and services 

on the spot to improve user satisfaction. It allows a more 

dynamic relationship between users and products, where 

feedback can be used almost in real time in the development 

process. 

 

Quantum computing also holds great promise for the 

future of feedback systems because it can process vast 

amounts of data at unprecedented speeds. This could take the 

analysis of user feedback to the next level and enable the use 

of even more complex algorithms that could go deeper into 

finding insights and patterns in user feedback. For example, 

quantum algorithms might optimize processes of feedback 

analysis and enable better predictions regarding user behavior 

and preferences of users Phillipson et al. [34, 35]. 

 

By bringing the physical and digital worlds closer 

together, spatial computing creates the ability to provide 

immersion-like feedback experiences that result in high user 

engagement. With technologies like virtual and augmented 

reality, product managers can allow users to interact with 

various environments in which they can provide immediate 

feedback for richer and more contextual insights [36]. Thus, 

these mechanisms of sensory feedback would integrate better-

quality data gathering and a user-centric approach toward 

product development. 

 

6.2. Integration with Other Product Management Tools and 

Processes 

In the future, AI-enhanced feedback systems will be 

integrated even more with other product management tools 

and processes. As AI-driven methodologies are adopted, the 

synergy between feedback systems and other tools such as 

project management software, CRM, and analytics will be 

important. This will give product managers a holistic view of 

user interactions and correlate feedback with other 

performance metrics and user behaviors [37]. 
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Integrating AI into these systems will facilitate 

workflows and improve collaboration among cross-functional 

teams. For instance, AI-driven insights can be used to create 

marketing strategies, product roadmaps, and customer support 

initiatives by gathering user feedback and ensuring active 

usage occurs throughout the organization [38]. This will make 

organizations better positioned to respond to the needs of users 

while embedding a culture of continuous improvement. 

 

7. Conclusion 
  AI-driven feedback systems represent a paradigm shift in 

customer engagement and product management. Traditional 

feedback processing methods rely on manual effort and static 

analyses and are inadequate for a world where customer 

expectations change rapidly. Integrating large language 

models with rich NLP techniques empowers organizations to 

understand customer sentiments, detect patterns, and generate 

actionable recommendations efficiently and at scale [39]. This 

framework helps the product teams bridge the gap from raw 

customer feedback to strategic decision-making. It assures 

that the voice of the customer is constantly and forcefully 

piped into the product roadmaps for more innovative solutions 

with better customer satisfaction. The opportunity to analyze 

diversified channels, regions, and demographics gives a 

competitive edge in creating personalized and impactful 

experiences. Emerging technologies, such as Agentic AI, 

quantum computing, and spatial computing, when combined 

with increased synergy with product management tools, will 

make the feedback system take a complete turn for more 

dynamic, immersive, and effective feedback that creates user-

centric innovation and continuous improvement. 

 

Thus, this framework can help organizations move from 

reactive customer support to proactive product evolution, 

building on the feedback as their success pillar. As AI 

proceeds and matures, this approach can be refined further to 

unleash even more excellent opportunities regarding product 

innovation and customer engagement. 
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