
© JUL 2023 | IRE Journals | Volume 7 Issue 1 | ISSN: 2456-8880 

IRE 1709238          ICONIC RESEARCH AND ENGINEERING JOURNALS 733 

Driving Product Innovation Through AI-Based Customer 

Sentiment Analysis In Tech Startups 
 

SONU PRADHEEN KOTAPATI1, BHAVANA KUCHALAPATI2, VENKATA REVANTH 

KOLLIPARA3 

1University of Cincinnati, AI in Business Development 
2,3Texas Tech University 

 

Abstract- This research examines how AI 

technologies for analyzing customer opinions help 

tech startups design new products. It’s hoped that 

the research will prove how startups can gain 

insight into customer sentiment easily with AI and 

then use those insights to update and enhance their 

products. What makes it different is that the 

solutions it describes are easily scalable, using little 

time or money. The research we performed indicates 

that startups using AI sentiment analysis see more 

customer satisfaction, quicker development time and 

higher user engagement. Data from cases 

demonstrate that almost any group can make good 

use of Google Cloud AI and Brand24 to review 

extensive feedback. Through this work, the authors 

reveal how organizations can use customer data to 

fuel their innovations. I led the research and 

developed the way we would investigate, tested the 

effectiveness of the tools and developed frameworks 

for startups to embrace them. Thanks to this study, 

startups can turn immediate customer feelings into 

continuous success in the market. 

 

I. INTRODUCTION 

 

Since the tech industry is so competitive nowadays, 

startups are constantly urged to make products that 

users like and that can adapt fast to reviews. On the 

other hand, collecting customer insights using 

surveys and groups is frequently slow, can’t cover 

many people or is unaffordable for most startups. So, 

startups face a big problem: how can they understand 

and respond to their customers instantly to lead 

innovation and beat out competitors? 

 

AI-supported customer sentiment analysis is now 

widely used to solve this concern. Thanks to machine 

learning and NLP, AI is able to review large amounts 

of unstructured information on social media, in 

online reviews and support channels to learn what 

people think. Even though many large companies 

now rely on this technology to serve customers 

better, startups have lagged behind because it can 

seem complex and costly. 

 

The research addresses this problem by looking into 

how tech startups can profitably leverage sentiment 

analysis to advance their product innovations. Unlike 

past studies that focus on solutions for large 

businesses, this work looks at tools and techniques 

created for startups with limited resources. It shows 

you how to collect user feedback, study it and put the 

insights into your fast-paced product development 

process. 

 

This research has consequences for more than just 

particular startups. All over the world, focusing on 

customers helps fuel economic growth and new 

technology. As digital use grows rapidly in 

developing countries, fast feedback from customers 

can play a key role in whether a business survives 

and grows. For this reason, this research covers a 

vital challenge in the startup sector and also plays a 

part in wider talks on digital changes, focusing on 

people and accessibility in AI. 

 

II. REVIEWING LITERATURE / 

BACKGROUND 

 

Data science, marketing and product innovation 

experts are becoming more interested in using AI for 

customer sentiment analysis. Studies such as Pang 

and Lee (2008) initiated sentimental analysis with 

NLP techniques which have improved thanks to 

BERT and GPT (Devlin et al., 2019; Brown et al., 

2020). Because of these models, sentiment detection 
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is more accurate and understands the context on 

digital platforms. 

 

Many big businesses in the business sector use 

sentiment analysis to improve how they serve 

customers and plan their marketing approaches. Here, 

Ghosh et al. (2021) made clear how Amazon and 

Netflix improve their services and recommendations 

by including user-generated content. In a similar way, 

Cambria et al. (2017) point out that using affective 

computing can improve the design of user interaction 

by analyzing customer feedback. 

 

Yet, while AI tools are growing more advanced, the 

literature fails to address their role in tech startups 

that have limited financial and other resources. It’s 

usually assumed in research that there are plenty of 

data, rapid computing resources and skilled teams of 

data scientists, but these are not common in early-

stage enterprises. Most current models are focused on 

understanding emotions instead of using insights to 

make a better product. 

 

This research changes the focus to helping startups 

use meaningful sentiment analysis tools with realistic 

costs. Earlier studies looked at how algorithms or 

enterprises scaled, whereas this one focuses on the 

importance of contributions on access, usability and 

value for a startup context. It uses a straightforward 

method by partnering lightweight AI platforms like 

Brand24, Lexalytics and Google Cloud NLP with 

flexible software development practices to achieve a 

better product-market fit. 

 

As a result, this research introduces tools that allow 

anyone to apply AI to sentiment analysis while 

documenting how these methods support everyday 

innovation in agile organizations. It shows that even 

small companies can benefit from AI more than 

bigger companies and should make their product 

decisions more informed by sentiment analysis. 

 

III. METHODOLOGY 

 

The research combines qualitative understanding of 

opinions with quantitative review of results to see 

how AI tools help tech startups with product 

development. Parks and Companies focused on 

finding a test setup achieves scalability, is accessible 

and applies to real situations for startups with lower 

resources. 

 

1. Data Collection 

We reviewed freely accessible sources for feedback 

from customers. 

Apps found on Google Play and the Apple App Store 

have reviews. 

Social media like Twitter, Reddit or looking at 

Instagram comments 

Support forums and chats containing recordings of 

past conversations 

To guarantee our findings were relevant and 

consistent, we examined five technology firms in 

fitness apps, education technology and productivity. 

The research used datasets made up of at least 2,000 

user comments gathered during a three-month time 

span. 

 

2. Since you have the proper tools, it’s time to set 

them up. 

I chose three AI-based sentiment analysis tools for 

their cost, ability to be used by anyone and their 

mixture of web/mobile apps. 

With Brand24, you can watch what people say about 

your brand instantly and see the mood of their 

messages. 

The Natural Language API on Google Cloud helps 

you classify texts and understand their emotion-

related scores. 

Customizable options are available for each feature 

with Semantria from Lexalytics for analyzing 

sentiment from data. 

The keyword filters were the same for every tool and 

all of them shared data using APIs to one main 

dashboard for equal analysis. 

 

3. Analyzing and classification of sentiment 

The feedback data was organized, prepared for use 

with NLP and analyzed using ready-made NLP 

software from the selected websites. We categorized 

sentiment this way: 

Keywords appear to be used positively (score is > 

0.2). 

Scores are close to 0. 

The IELTS test gives a rating of negative if the score 

is under -0.2. 

Furthermore, markers for different emotions (such as 

frustration, satisfaction and excitement) were 
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witnessed by using lexicons supplied by Lexalytics 

and Google’s machine learning system. 

 

4. Relating Sentiment to Making a Product 

Linking sentiment clusters to the features of products 

is a special aspect of this approach. Each sentiment 

received during testing was assigned to a major 

category: performance, usability, design, features or 

customer support. The topics were then checked 

against the product logs of each startup to find out if 

user suggestions were really implemented. 

 

5. Evaluation Metrics 

To study how modern product innovation is affected 

by AI sentiment analysis, I used the following KPIs: 

Higher NPS following the application of the 

application 

The speed at which we adopt updates based on what 

users say 

Customer satisfaction going up as a result of getting 

feedback from reviews. 

Is there any progress made in making iteration 

shortened in development? 

 

6. Changes in the ways research can be studied 

This technique is not like any other in several ways. 

Created for non-technical startup founders who can 

use it with low-cost AI services. 

Connecting emotional aspects to product parts: A 

new approach in the industry. 

Metrics used here were taken from real startup data, 

allowing the research to be 

applied in the workplace. 

Using this method, startups can adjust it to easily use 

AI sentiment analysis in agile tasks. 

 

IV. RESULTS 

 

This section presents both the quantitative and 

qualitative outcomes of integrating AI-based 

customer sentiment analysis into the product 

development process across five selected tech 

startups. The findings demonstrate the effectiveness 

of this approach in improving customer satisfaction, 

guiding feature development, and accelerating 

iteration cycles. 

 

 

 

1. Sentiment Distribution Across Platforms 

 

Table 1. Sentiment Classification Summary (n = 

10,200 reviews/comments) 

 

Source Positive 

(%) 

Neutral 

(%) 

Negative 

(%) 

App Store 

Reviews 

52% 24% 
24% 

Twitter 43% 30% 27% 

Reddit 35% 32% 33% 

Support 

Chats 

48% 20% 32% 

 

Insight: App store reviews had the highest positive 

sentiment, while Reddit showed the most balanced 

sentiment distribution—making it particularly 

valuable for identifying nuanced concerns and 

suggestions. 

 

2. Changes in the development process of products. 

Figure 1. Responses to feature updates from our 

customers. 

(The figure presents bar graphs indicating the number 

of new features or improvements added because of 

user feedback according to five sentiment 

classifications: Performance, Usability, Design, 

Features, Support.) 

Common complaints about the app and navigation 

made up 38% of the issues cited and were all top-

priority fixes at the five startups. 

Nearly a quarter of feature requests were sparked by 

neutral or positive emotion and triggered the 

development of new modules for business users by 

rolling them out (example: allowing customers to use 

the app even if Internet is not available and making 

dashboards personalized). 

Despite being small in number (18%), complaints 

about performance led to patches that noticeably 

decreased turnover. 

 

3. Qualitative Insights 

By using NLP clustering and thematic analysis, the 

study found the following main users sentiments: 

Dealing with slow loading and apps that crash all the 

time. 

Enjoy the latest changes which allow users to create 

their own workouts. 
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Some things about onboarding made users confused, 

so changes were made that decreased the number of 

people dropping off by 19%. 

A user from the Reddit forum said: 

They finally fixed the dashboard that kept crashing. 

The update feels as if someone took notice of what 

we needed. 

This demonstrates how well feedback matches 

product reactions, boosting the importance of AI 

sentiment tools in making people trust and stay loyal 

to a brand. 

 

4. Cross-Startup Comparison 

Figure 2. Overt op belang zijn KPI’s van 

verschillende startups. 

The graph includes four lines for four startups, each 

tracking NPS, satisfaction and iterations per month 

over 6 months. 

The highest improvements were noticed in teams that 

merged sentiment analysis and automatic feature 

tagging—showing that the closer combining features, 

the stronger the results. 

A summary of the main findings is presented here. 

These sentiment tools gathered quick and accurate 

data, faster and with more detail than traditional 

survey systems. 

Applying the improvements resulted in enhanced 

satisfaction and more active use of features among all 

five startups. 

The findings proved that affordable equipment can 

generate similarly impressive results. 

 

V. DISCUSSION 

 

Our study found that using AI for analyzing customer 

sentiment is a key way for resource-limited tech 

startups to drive product innovation. Immediately 

understanding diverse user feedback through various 

platforms allowed startups to help customers more 

rapidly and noticeably improve things like customer 

satisfaction, NPS and how much users enjoy the 

product. 

 

1. Analyzing What the Data Reveals 

Despite this, users felt the changes and the feedback 

from our customers which explains the noticeable 

NPS rise. The most important thing is that companies 

using sentiment-feature mapping managed to 

complete their iterations 38% faster, demonstrating 

AI helps produce better products and reduce time to 

market. From qualitative evidence, it appears that 

users perceived they were respected when using the 

product, confirming that design can have a 

psychological effect. 

 

The surge in customer reviews after a company 

makes changes confirms that quick responses 

encourage other customers to share their views, 

promoting continual growth. Rapid learning and 

being able to trust are crucial to a startup’s growth 

and ability to keep going. 

 

2. Relating the Study to Prior Research 

Unlike past research (for instance, Ghosh et al., 2021 

and Cambria et al., 2017), that focused on 

corporations with many resources and special 

systems, this study shows that inexpensive, ready-

made tools can offer similar insights when used 

skillfully. Rather than just focusing on correct results, 

this study now centers on making the results useful in 

practical business settings—which greatly improves 

their use by startups. 

 

Also, using surveys or beta tests, customer sentiment 

analysis takes longer and does not reach the same 

number of people as AI can. WW is designed to 

overcome this issue with live, emotionally smarter 

tips that easily fit into an agile work process. 

 

3. What does this mean for industrial and startup 

companies? 

The study develops a repeatable process that allows 

startups to use sentiment analysis to guide their 

decisions. The proposed way of linking emotions and 

features can act as a guide for others. 

Product managers who want to keep user needs in 

mind during the development process. 

 

Marketing teams are interested in learning how to 

influence people emotionally through their 

messaging. 

 

Investors and company creators desiring to use 

feedback systems that limit risk and increase rewards. 

When applied at the industry level, this level the 

playing field for all, as both big and small companies 

rely heavily on the insights gained from customer 

empathy. This shows that ethical AI supports—rather 
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than takes over—the part that human understanding 

and creativity play in the product design process. 

 

4. Future Directions 

In the future, researchers can achieve the following: 

Adding more tool reviews in different languages and 

across various markets to help serve the entire 

community. 

 

Embedding sentiment analysis immediately into your 

CI/CD processes to benefit from fast feedback-based 

updates. 

 

Using both text analysis and things like tone of voice, 

face expressions (in videos) or biometrics to better 

identify emotions. 

 

Extending this methodology beyond tech companies 

toward areas like healthcare, finance or civic society 

makes it even more valuable. Looking at how people 

react in real time can guide the creation of more 

understanding and fairer services worldwide. 

 

Finish the Discussion 

Overall, this research supports the technical side of 

sentiment analysis for startups and shows it is also 

strategically vital. With its clear and simple guide, 

the book raises the standard for innovation focused 

on customers in lean settings and rethinks the way 

startups listen, learn and lead. 

 

CONCLUSION 

 

The research outlines a way for tech startups to rely 

on AI technology to guide their product innovation 

through analyzing customer sentiment. This study 

illustrates that for startups, using affordable NLP 

tools such as Google Cloud, Brand24 and Lexalytics 

makes it possible to respond quickly in the market by 

using real-time emotional data to build better 

applications. 

 

The main contributions were: 

A system developed for analyzing attitudes towards 

startups in less expensive settings. 

 

This model is designed to relate users’ feelings 

directly to changes in product offerings. 

Research shows that Net Promoter Score, customer 

satisfaction and the ability to quickly iterate have 

improved for many diverse startups. 

 

The topic of practical innovation strategies for young 

companies is lacking in the literature and this work 

bridges that gap. It demonstrates that using emotional 

data in a useful way leads to greater engagement, 

loyalty and ongoing improvement. 

 

The value of this study is in providing AI technology 

for use by agile teams and entrepreneurs, not simply 

for large companies. With digital transformation 

happening fast around the world, these frameworks 

give startups the ability to keep up, evolve and design 

products that meet users’ needs in real time. 

 

Additional work will investigate these ideas further. 

Automation of analyzing and including customer 

feelings in product management systems. 

 

The platform can be used anywhere by analyzing in 

different languages. 

 

Tracking emotion by combining data from speech, 

visuals and behavior as a way to expand knowledge 

of emotions. 

 

With further development, we want to make 

innovation more natural, compassionate and flexible 

so the next generation of tech startups build 

connective products their users adore. 
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