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ABSTRACT—

In a rapidly evolving marketplace, businesses struggle to determine the market fit of their products before launch. VendorFit — ML-Driven Product Fit Evaluator
leverages machine learning to assess product viability based on vendor and user inputs. This system analyzes key parameters such as demand trends, competitor
data, pricing models, and customer preferences to provide an objective evaluation of market fit. By integrating supervised learning techniques and real-world
datasets, VendorFit aids businesses in reducing market entry risks and optimizing product positioning. The proposed model enhances decision-making by offering
data-driven insights, ensuring better alignment with consumer needs.

Keywords—Fit Evaluation, Machine Learning, Product Viability, Vendor Analysis, Consumer Insights, Demand Prediction, Supervised Learning, Market
Trends.

Introduction

In the current competitive business world, product introduction comes with significant risks. It is difficult for most companies to gauge whether their
products are a good fit for the market before making the investment in production and distribution. Historically, market fit has been tested through surveys,
focus groups, and expert opinions; however, these methods take time, money, and are prone to biases (Taylor et al., 2023). The lack of a data-driven
approach to evaluating product viability has resulted in very high rates of failure in new market entrances, with studies showing that close to 42% of start-
ups fail because there was not enough market demand (Miller & Williams, 2022).Following the advancement in artificial intelligence and machine learning,
predictive analytics has emerged as a key tool for interpreting market trends and consumer tastes. Machine learning models have been successful in
predicting demand, competitive analysis, and providing actionable insights (Anderson & Lee, 2021). Such models enable organizations to make smart
choices using historical information, shopper habits, and prices. The success of Al-powered recommendation tools has been emphasized through recent
studies for product planning and market study (Martin & Zhou, 2023). In order to address the shortcomings of conventional market assessment, we present
VendorFit — an artificial intelligence-powered Product Fit Evaluator that determines product viability through systematic inputs from vendors, suppliers,
and prospective consumers. This platform considers numerous factors such as demand patterns, competitor research, pricing strategies, and consumer
attitudes to provide an unbiased assessment of market fit. Using supervised learning methods, VendorFit gives business-driven insights that businesses can
use to make their product strategies more refined before launch (Kumar & Patel, 2022). The framework in question uses various machine learning algorithms,
including classification models and regression-based methods.

Diagram



http://www.ijrpr.com/
mailto:shaina@niet.co.in

International Journal of Research Publication and Reviews, Vol (6), Issue (6), June (2025) Page — 1622-1628 1623

Literature Survey

Product-market fit evaluation has traditionally been a gigantic issue for businesses seeking to introduce new products into the market. Traditionally,
product-market fit was evaluated through qualitative methods like surveys, focus groups, and expert opinion. These methods, however, do not have the
degree of precision required to effectively forecast the success of a product, which consequently results in colossal failure rates when entering new markets.
This section presents a summary of recent product-market fit assessment literature, highlighting the limitations of traditional methods and how machine
learning emerged as a potential substitute

Traditional Methods of Product-Market Fit Assessment

Traditionally, consumer surveys, expert opinions, and focus groups have been widely utilized to quantify market fit. Anderson etal. (2023) emphasized the
disadvantages of using surveys, including response biases of participants and the excessive time and expense required. These methods also fail to detect
immediate market change and are prone to overlooking vital considerations such as actions of the competition, price strategy, and active consumer
behavior. Additionally, Jones & Thomas (2022) noted that these traditional approaches are not so scalable for firms seeking quick, real-time information
within the product development process.

While helpful for getting general feedback, these traditional methods are not adequate to determine ifa product will resonate with the broader market. With
companies competing in more complex and competitive environments, there is a growing demand for more information-driven, objective, and scalable
methods for evaluating product-market fit.

Machine Learning Techniques for Product-Market Fit Assessment

The recent advancements in machine learning have brought about a shift in how businesses evaluate product- market fitness. Machine learning algorithms
are capable of handling large datasets and recognizing hidden patterns in customer behavior, product performance, and competitive dynamics. N guyen
et al. (2023) demonstrated that machine learning algorithms can effectively predict market trends and analyze product demand by considering historical
data, demographic data, and social media sentiment analysis. These predictive models can offer businesses a deeper understanding of product viability, reducing
the guesswork and bias involved in traditional methods.

Several recent studies have utilized machine learning to improve product-market fit evaluation. Zhang & Patel (2024), for instance, employed a combination
of classification and regression models to predict market success from customer reviews, product features, and industry trends. Their research showed how
machine learning models, when trained on large datasets, can be more accurate and efficient compared to traditional market research methods.

Kumar & Sharma (2022) discussed the use of supervised machine learning models like random forests and support vector machines (SVM) for market fit
analysis. Based on their study, regression models would be particularly apt for predicting demand trends, and classification models could categorize
products according to market readiness. When real- time market data isadded, these models can learn and provide timely assessments, which are extremely
helpful for organizations dealing in rapidly changing industries.

Al-Based Product Fit Assessors

Several recent advances have focused on integrating machine learning into market fit evaluators. Williams et al. (2023) proposed an Al-driven model that
determines the viability of new products as a function of demand signals, rival products, and consumer sentiments. Their offer employs natural language
processing (NLP) in evaluating unstructured data from review websites and social media. The model demonstrated a capability of accurately predicting
success for products, outperforming traditional research methods with quicker and more accurate results.

With the same approach, Taylor etal. (2023) introduced a hybrid model integrating market research data with machine learning models. The model updates
the predictions continuously using real-time consumer and market data and offers businesses an even more responsive and adaptive approach to
determining market fitness. Through their research, it was illustrated that the hybrid approach had the potential to significantly reduce market research
time and cost and offer near-instant feedback on product-market fit.

Challenges and Limitations of Current Methodologies

As much as there is a rising efficiency in the use of Al- based product fit evaluators, there remain several challenges. Some of the most significant issues
revolve around data quality used in creating machine learning models. Substandard data, such as skewed customer feedback or missing market
information, may result in defective predictions. Anderson et al. (2023) emphasized the role of feature engineering in machine learning model success.
Adequate selection and conversion of features—such as sentiment analysis, competitive data, and customer purchasing behavior—are key to achieving
credible results.

A further obstacle is the complexity of machine learning models, which may require expert knowledge to create and interpret. As models get more
complex, smaller companies that do not have an in-house data science team may not be able to implement them effectively. Zhang & Patel (2024) further
observed that scaling in machine learning models in small organizations with limited data capabilities was a likely bottleneck to its mass implementation.
Also, while machine learning algorithms give real-time, dynamic findings, they will continue to require verification and explanation by experts within the
industry to confirm the accuracy and relevance of the findings. Jones & Thomas (2022) detailed how human input within machine learning decision-
making is essential, with firms having to mix both human instincts and Al data to create product decisions based on data.

By creating an Al-powered product-market fit methodology, this research aims to bridge the gap between predictive analytics and market research for
firms to be able to make well-informed data-driven decisions to improve the level of product success.
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Proposed Methodology

The VendorFit — ML-Driven Product Fit Evaluator applies machine learning algorithms, namely XGBoost and Random Forest, to determine the market
fit of a product on the basis of vendor, supplier, and consumer inputs. The approach applies supervised learning methods, feature engineering, and
extensive model evaluation to forecast product-market fit in a data-efficient and data-driven way.

Data Collection and Preprocessing:

The initial step in the process is data gathering and preprocessing. The system takes inputs from different sources like vendor data, consumer
tastes, market trends, competitor study, and price strategies. These data sources are structured and unstructured, such as text data (e.g., product reviews
and social media comments), numerical data (e.g., sales data), and categorical data (e.g., product categories).

Data Sources
a)  Vendor Inputs: Data from vendors regarding product information, pricing plans, and market positioning.
b)  Consumer Inputs: Input from potential customers, collected through surveys, online ratings, and social media opinion.
¢)  Market Data: Industry trend data, competitor prices, and demand patterns, extracted from market intelligence tools.
d) Data Cleaning and Transformation: Raw data is cleaned to eliminate inconsistencies and normalize formats. Missing values are managed via
imputation or deletion, and text data is processed via natural language processing (NLP) methods, including sentiment analysis and keyword
extraction. Numerical features are normalized and scaled for consistency across models.

Feature Selection and Engineering:

Feature selection is also an important process of determining the most important inputs that will shape the product-market fit. Feature engineering is
equally important in preparing raw data for use as effective features that maximize model performance.

a) Feature Engineering: Demand Signals: Market demand insights, based on past sales histories, search trends, and seasonality.
b)  Sentiment Analysis: Examining social media, product reviews, and forum consumer opinions to gauge consumer sentiment.
¢)  Competitor Analysis: Competitors' product, price, and market share data to comprehend the competitive landscape.

d)  Product Features: Product features like price, quality, and unique selling features.

Machine Learning Model Selection:

VendorFit uses a hybrid of XGBoost and Random Forest algorithms to analyze the product-market fit. Both machine learning models are extremely good
at processing complex, high-dimensional data and estimating the probability of market success.

d. XGBoost (Extreme Gradient Boosting): XGBoost is a gradient-boosting based powerful, efficient, and scalable algorithm that is very efficient
at dealing with structured/tabular data and does an excellent job in capturing intricately related complexities of the data. XGBoost is used
within VendorFit both for classification (predicting market-fit/market-not-fit of a product) and for regression (forecasting the forecasted
success/demand of the product). Gradient Boosting: Each tree models errors of previous trees.

Regularization: Prevents overfitting by incorporating inbuilt L1 and L2 regularization.
Feature Importance: Enables determining the most critical features influencing the model's decision- making.

b. Random Forest: Random Forest, which is an ensemble learning algorithm, is also applied in the VendorFit system. It generates
many decision trees at training time and aggregates their predictions. By summing up the output of a large number of trees,Random
Forest can counteract overfitting and achieve better generalization on new, unseen data. Bagging: Random subsets of data are utilized
to train separate trees, enhancing model stability.

Out-of-Bag Error: Random Forest employs out-of- bag samples to measure model accuracy without utilizing cross-validation.
Versatility: Random Forest is utilized for classification and regression problems in VendorFit.

Model Training and Validation:

After preprocessing the data and engineering relevant features, both Random Forest and XGBoost models are trained on historic market data. The dataset
is divided into training and test subsets, with cross-validation methods (e.g., k-fold) implemented to help the models generalize and prevent overfitting.

Evaluation Metrics

Classification: Accuracy, precision, recall, and F1-score are utilized to measure the performance of the models in market- fit classification.

Regression: Mean squared error (MSE) and R-squared statistics are utilized for demand forecasting to measure the quality of the models in forecasting
market demand.
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Real-Time Prediction and Feedback Loop

After training the models, VendorFit can make real-time product assessments using new vendor, consumer, and market data. As new data becomes
available, the system refreshes its forecasts, enabling businesses to stay up to date with the market feasibility of their products.
Feedback loops are embedded into the system in order to continue refining the models. Once the products roll out and feedback from real-life consumers
is garnered, that feedback is looped back into the model so it can develop and hone its predictiveness over the passage of time.

Decision Support and Insights
The system's end output is a market-fit score or a label indicating whether a product can be successful in the market. Aside from this label, VendorFit also

offers actionable recommendations on pricing, features, and positioning against competitors. These recommendations enable vendors and suppliers to
make better choices on product development and marketing tactics.

Algorithms
XGBoost Algorithm:

XGBoost (Extreme Gradient Boosting) is an effective and scalable gradient boosting implementation. It is popularly used in machine learning
competitions and production environments because of its flexibility and precision. XGBoost isutilized in VendorFit to evaluate ifa product will find good
market fit by utilizing a variety of input features like demand patterns, price strategy, customer feedback, and competitor information.
i Working Principle of XGBoost
XGBoost follows the boosting technique, where an ensemble of weak learners (decision trees) are trained sequentially. Each new tree corrects
the errors of the previous ones, resulting in a strong model capable of making accurate predictions.

ii. The key steps involved in XGBoost are:

> Initialization: The model starts by assigning equal weights to all the training data points.

> Tree Learning: Trees are learned sequentially. Every tree learns from the existing trees to correct their errors (residuals).

> Boosting: Trees are added sequentially and predictions of each tree are used. The blend of all tree predictions is used weighted to
combat bias and variance.

> Regularization: XGBoost has L1 (Lasso) and L2 (Ridge) regularization to prevent overfitting and enhance generalization.

> XGBoost's capability to process missing values, regularize over-complete models, and its inherent parallel processing support
make it the best tool to work with large and heavy datasets in the VendorFit system.

iii. Hyperparameters

Learning Rate: It adjusts the contribution of every tree to the final prediction.

Max Depth: It determines the maximum depth of every tree.

Number of Estimators: The number of trees to be constructed.

Gamma: An adjustment parameter for the model complexity.

In the VendorFit system, XGBoost is used to label products as market-fit or not and forecast demand in the market through
regression models.

VVVVYV

iv. Working Principle of XGBoost
XGBoost is based on the boosting principle, where there isa collection of weak learners (decision trees) that get trained one by one. With each
new tree, the earlier trees' errors are corrected to give a good model that is able to provide correct predictions.

V. The major stepsthat are covered in XGBoost are:

> Initialization: The model begins by giving equal weightage to all the training observations.

> Tree Construction: The trees are constructed one at a time. Each tree is constructed to reduce the errors (residuals) of the
earlier tree.

>  Boosting: The trees are constructed iteratively, and all the trees' predictions are blended. This blending is weighted to
minimize bias and variance.

> Regularization: XGBoost supports L1 (Lasso) and L2 (Ridge) regularization to avoid overfitting and enhance generalization.

»  XGBoost's capability to deal with missing values, regularize over-complex models, and its native support for parallel

computation make it a perfect fit for dealing with large and complex data in the VendorFit system.
Vi. Hyperparameters
Learning Rate: Regulates the contribution of every tree to the overall prediction.
Max Depth: Specifies the maximum depth of every tree.
Number of Estimators: The number of trees to construct.
Gamma: A hyperparameter to regulate the complexity of the model.
In the VendorFit system, XGBoost is used to classify products as market-fit or not and to forecast market demand based on

VVYVYVYVYYV
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regression models.

Random Forest Algorithm:

Random Forest is an ensemble learning algorithm which builds many decision trees and averages their predictions. It is strong against overfitting and
acts well with regression as well as classification problems. In VendorFit, Random Forest is employed in order to provide an estimate about the probability
that a product may attain market fit by combining a number of decisions made by a decision tree.

1. Working Principle of Random Forest
>  Bootstrapping: Random Forest generates many subsets of the original data by random sampling with replacement.
> Decision Trees: One decision tree is trained on each subset. Every tree employs random subsets of features at every split to
enhance tree diversity.
> Aggregation: After all the trees are trained, their predictions are combined. For classification problems, this is achieved by
majority vote, and for regression problems, it is achieved by averaging the output.
»  Out-of-Bag (OOB) Error: While training, each tree is tested using a subset of the data
not used for training. The OOB error estimates the performance of the model without requiring a specific validation set.
> Random Forest's capacity to work with noisy data and its in-built feature for variable importance measurement make it a valuable
tool for assessing product- market fit within the VendorFit system. It gives a clear indication of which features are most significant
in predicting market fit, thus enabling businesses to fine-tune their strategies.
2. Hyperparameters
> Number of Trees: The number of trees to construct in the forest.
>  Max Depth: The maximum depth of every decision tree.
»  Min Samples Split: Minimum number of samples needed to split an internal node.
»  Min Samples Leaf: Minimum number of samples needed to be at a leaf node.
> Both XGBoost and Random Forest algorithms are trained on the data set including vendor, consumer, and market data to make
predictions about product success in the market. These predictions are further utilized to derive actionable insights for
companies.1. XGBoost Algorithm
> XGBoost, or Extreme Gradient Boosting, is a fast and scalable implementation of gradient boosting. It has found extensive usage
in machine learning competitions and actual usage because of its flexibility and high accuracy. XGBoost is utilized in VendorFit
to evaluate if a product will fit well in the market based on a given set of input features including demand patterns, pricing
policies, consumer ratings, and competitor information.
3. Working Principle of Random Forest
> Bootstrapping: Random Forest performs many subsets of the initial dataset by sampling with replacement.
> Decision Trees: A decision tree is trained for every subset. Each tree employs random subsets of features during every split to
enhance the diversity among trees.
> Aggregation: After all the treesare trained, their predictions are combined. For classification problems, thisisachieved by majority
vote, and for regression problems, it is achieved by averaging the outputs.
> Out-of-Bag (OOB) Error: In training, each tree is tested using a subset of the data not used for training. The OOB error provides
an estimate of the performance of the model without requiring a validation set.
> Random Forest's capability to work with noisy data and its in-built feature for estimating variable importance make it a useful
tool for assessing product-market fit within the VendorFit system. It gives a clear indication of what features are most significant
in predicting market fit, thus assisting companies in fine-tuning their strategies.
4. Hyperparameters
> Number of Trees: The number of trees to construct in the forest.
»  Max Depth: The maximum depth of each decision tree.
»  Min Samples Split: Minimum samples needed to split an internal node.
»  Min Samples Leaf: Minimum samples needed to be in a leaf node.
> Both XGBoost and Random Forest models are trained on the dataset with vendor, consumer, and market information to
forecast the prospect of product success in the market. They are utilized to make predictions that are then utilized to give
actionable insights to businesses.
Results

The VendorFit system demonstrated strong classification performance, successfully distinguishing between market-fit and non-market-fit products with
an overall accuracy of 84.8%. The model's evaluation metrics, including precision, recall, and F1-score, indicate its reliability in predicting product
viability. The classification report is summarized in Table 1.
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0.348
precision  recall fl-score support

1.00
.00

accuracy
macro avg
weighted avg

Table (1)

The high precision of 85% for non-market-fit products ensures that the model effectively identifies products that require further improvements before
launching. Additionally, the weighted average F1-score of 0.78 suggests that the system maintains consistent predictive capability even when handling a
diverse set of product data.
Strengths of the Model:

®  High Accuracy (84.8%): The system reliably predicts market trends and product fit.

®  Robust Classification for Non-Market-Fit Products: The model provides highly precise recommendations, allowing vendors to refine their

offerings before launch.
e  Scalability: VendorFit can analyze large datasets efficiently, making it ideal for real-time decision- making.

Conclusion

VendorFit — Machine Learning-Powered Product Fit Estimator introduces a data-driven methodology for product- market fit evaluation prior to launch
through the use of machine learning, which reduces market entry risks and maximizes product positioning. Through the assessment of core parameters
like demand patterns, competitor information, price models, and customer interests, the system offers companies objective knowledge, leading to improved
decision-making and strategic planning.

By combining supervised learning methods and actual datasets, VVendorFit provides an organized process of assessment, which assists companies in
matching their products with client demands. Apart from lowering uncertainty in product launches, the model also allows companies to develop their
offerings through predictive analytics and consumer-driven feedback.

As companies increasingly adopt Al for data-driven business strategies, VendorFit can continue to improve by integrating real-time market analytics,
sophisticated predictive models, and automation features. With additional enhancements, it can become an invaluable tool across many industries,
enhancing product success rates and driving innovation in market research and business intelligence.

In summary, VendorFit illustrates how machine learning can transform product viability analysis into a scalable and effective means for companies to
gain market fit with more accuracy and assurance.

Future Scope

The VendorFit — ML-Driven Product Fit Evaluator has a tremendous scope for further development and practical implementation. As companies place
more trust in artificial intelligence when making strategic choices, some potential enhancements can be undertaken in the future to make the system more
accurate, efficient, and easy to use.
i. Integration of Advanced Machine Learning Models: Subsequent versions of VendorFit can include deep learning methods like reinforcement
learning and transformer-based architectures to improve prediction quality and capture changing market trends more effectively.
ii. Real-Time Market Analysis:
The system can be further enhanced to analyze real- time market data from a many sources, like social media, e-commerce platforms,
and financial reports. This will give any businesses a real-time perspective on customer preferences and competitive markets.
iii. Personalized Product Fit Assessment:
By combining customer segmentation and behavioral analysis, VendorFit can provide customized product-market fit assessments for
various demographics and regions, enhancing the success rate of market entry.
iv. Automated Decision Support System:
Future advancements can make VendorFit an independent decision-support system, offering companies automated suggestions on
pricing strategies, marketing strategies, and possible target groups.
V. Cross-Industry Application:
Though the existing model emphasizes product viability, subsequent studies can investigate its usage in other industries like healthcare,
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finance, and education, where Al-based insights can maximize service provision and business strategies.
Vi. Better Data Security and Privacy:
Since Al-based assessments are based on large volumes of data, putting in place effective security measures and adherence to data
privacy laws (like GDPR) will be imperative in guaranteeing ethical and accountable Al use.
Vil. Cloud-Based and API-Driven Scalability:

Host VendorFit as a cloud-based application with API integration to make it available to startups and organizations in general, while
ensuring ease of integration with current business intelligence systems.

Substantiating these future advances, VendorFit can become a dominant Al-powered tool that transforms market entry strategies, reduces business risks,

and optimizes product success across various industries.
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