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ABSTRACT:

Artificial Intelligence (Al) application in event planning has transformed the way conventional planning and resource allocation are conducted. The present
article discusses Al-based strategies for optimizing vendor choice and budget distribution, key aspects of effective event planning. Using Al algorithms like
machine learning, decision trees, and linear programming, event planners can make data-driven choices that reduce the cost while enhancing service quality. The
study explores different Al models applied in assessing vendor performance, cost forecasting, and dynamic budget allocation. Practical applications are illustrated
through a prototype decision-support system implemented and tested in virtual event simulations. Results indicate noteworthy enhancements in efficiency,
transparency, and flexibility over traditional planning processes. In addition, the paper highlights the need to incorporate Al into the entire event life cycle,
ranging from pre-event forecasting to post-event examination. As Al technologies improve, their capabilities to predict outcomes, analyze past trends, and tailor
vendor interaction will change the benchmarks of event management. The paper also explains how such a smart system can aid in dynamic adjustments, minimize
human bias, and maintain alignment with budget and strategic goals. This study provides a starting point for upcoming innovations that seek to integrate Al
further into the operational and strategic spaces of the events industry.

Keywords: Artificial Intelligence, Event Management, Vendor Optimization, Budget Allocation, Decision Support System, Machine Learning, Cost
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Introduction

Event management requires strategic coordination of many resources such as vendors, budgets, venues, and schedules. Manual assessment and human
judgment often form the basis of traditional approaches, and these are time-consuming and prone to errors. As event complexity increases, from
corporate seminars to music festivals, intelligent systems to aid in planning and decision-making are increasingly needed. Al provides powerful tools to
facilitate this process with more accuracy, consistency, and efficiency.

With the event industry becoming more competitive and with customers expecting more, the skill of being able to plan, adjust, and implement
efficiently has emerged as the key determinant of event success. The process of digitalization of event management has opened the way for embracing
Al technologies to automate mundane tasks, deliver predictive information, and facilitate strategic optimization. This evolution is not about substituting
out manual procedures but about designing responsive systems that react dynamically to shifting event scale, audience demand, vendor performance,
and market circumstances.

Al applications go beyond automation; they allow event planners to draw actionable insights from large data sets, predict demand more accurately, and
make real-time adjustments in response to changing scenarios. For example, Al-driven sentiment analysis can assist in monitoring attendee satisfaction
via social media and feedback surveys, impacting future vendor selection and budget allocations.

In addition, as sustainability and inclusivity are becoming major considerations in today's events, Al can help quantify the impact on the environment,
streamline logistics to minimize waste, and ensure that expenditure is aligned with ethical and social governance objectives. Al tools also make
planning inclusive by examining demographics so as to serve the needs of diverse audiences.

Further, Al facilitates vendor relationship management using predictive modeling that measures vendors who are likely to underperform or
overperform. Organizers can then renegotiate contract terms or change suppliers prior to trouble arising. Natural language processing software can also
automate contract analysis and communication to speed vendor onboarding and compliance checks.

Budgeting, historically a static, manual exercise, is greatly aided by Al-powered models that dynamically reallocate money in response to shifting
priorities like weather emergencies or unexpected program redesigns. Al systems also assist in monitoring expenditure in real time, allowing for near-
instant adjustments to prevent overspending or underspending.
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This paper addresses two of the most important areas of event planning: vendor choice and budget distribution. Vendor choice entails assessing service
providers through reliability, cost, and quality. Budget distribution entails allocating financial resources across different components of an event while
maximizing return on investment. Al-based models present a scalable solution for simultaneously optimizing both tasks.

Through learning from historical event data, Al algorithms can acquire patterns of successful vendor interaction and fiscal approaches. This enables
event planners to forecast outcomes more precisely and make anticipatory choices. In addition, Al facilitates instant response to interruptions, including
last-minute vendor cancellation or changing audience expectations. Embedding Al within event management not only enhances efficiency and resource
deployment but also improves the overall attendee experience by providing higher service quality as well as staying within budgetary constraints.

Literature Review

The application of Al in event management is a novel area with increasing demand from academia and the industry. Previous studies identify the use of
machine learning for demand forecasting, natural language processing for attendee engagement, and reinforcement learning for real-time scheduling.
Few studies, however, explicitly discuss Al's utility in optimizing vendor choice and budget allocation.

Vendor selection has historically employed multi-criteria decision-making (MCDM) techniques such as AHP (Analytical Hierarchy Process) and
TOPSIS (Technique for Order Preference by Similarity to Ideal Solution). Though these techniques, being systematic and logical, are prone to human
judgments and biases, Al-based models overcame these disadvantages by performing the analysis automatically and learning from historical event data.
Methods like supervised learning, classification trees, and cluster algorithms have proved effective in selecting top-performing vendors using historical
performance parameters such as delivery accuracy, client satisfaction, price consistency, and responsiveness.

Recent research has used neural networks to construct predictive models of vendor selection based on a broad variety of input parameters such as
previous event type, geography, and client preference. The models improve with additional data continuously and have flexibility in working across
various event types, giving a very effective substitute for static scoring methodologies. Ensemble methodologies like gradient boosting and random
forests are increasingly being used because of their high accuracy and immunity to overfitting.

At the budgetary level, traditional optimization methods like linear programming, integer programming, and dynamic programming have been used.
These models are run under fixed constraints with the aim of maximizing an objective function, typically cost minimization or utility maximization.
Such approaches fall short when dealing with the reality of event planning variability. Al works in conjunction with these approaches by incorporating
learning abilities, which allow systems to adapt allocations as situations change.

Hybrid models, which cross Al algorithms with conventional optimization methods, are being used more and more to enrich decision-making.
Reinforcement learning, for example, has been applied in budget allocation situations so that systems can gain understanding of optimal allocation
patterns through experience and feedback loops as time passes. Such models are especially valuable in multi-event organizations when planning has to
consider interdependencies and compounded resource limitations.

Adding. Al to. event. logistics has. also resulted. in enhanced operational effectiveness. For instance, Mehta and Kumar (202 3) illustrated how systems
that leveraged. Al could automate inventory. planning. as well as transportation. planning, resulting in lower overheads. and better service delivery.
Additionally,. budget monitoring modules combined with Al can. detect. anomalies. in spending. patterns, enable. Managers. to identify. fraud, ensure
compliance, and. provide real-time. rectifications.

Natural Language Processing (NLP) has discovered an important role in Al-based event management. With contract analysis, interaction with chatbots,
and automatic communication with vendors, NLP minimizes the administrative workload of event planners. Research indicates that both vendor
compliance and client satisfaction can be enhanced by automated key clause identification in contracts and real -time notification through conversational
agents.

Literature also identifies an increasing trend in using sentiment analysis from social networking sites and participant feedback to determine vendor
ratings. This incorporation of unstructured information into structured models for decision-making provides new opportunities for individualized
planning and flexible vendor scoring. Applications aggregating and analyzing feedback from Twitter, Instagram, and post-event questionnaires provide
rich data on service efficacy and participant preferences.

In spite of advancements, a few lacunae exist. Sparsity of data is a universal problem, particularly for first-time vendors or specialized types of events
with scarce historical data. Additionally, the interpretability of Al models, also known as the 'black-box' problem, is problematic in regulatory and
transparency-conscious environments. Explainable Al (XAl) research is under way to explain model decisions and make them justifiable.

In short, the literature body shows a consensus that the use of Al will be increasingly valuable in enhancing the efficiency, accuracy, and
responsiveness of event management activities. With machine learning, optimization, and NLP integrated, event planners would be able to make better
and timelier decisions. Nonetheless, more work remains to ensure data quality, system integration, and model interpretability to effectively leverage the
potential of Al in this context.
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Methodology
The methodology adopted in this study follows a multi-phase, data-driven approach designed to develop, test, and validate an Al-driven decision
support system for vendor selection and budget allocation in event management. The process is iterative and modular, ensuring adaptability to various

types and scales of events.
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Figure 1: - Vendor Recommendation Workflow

Phase 1: Data Collection and Preprocessing In the initial phase, historical event data were collected, including vendor performance metrics, cost
breakdowns, feedback forms, social media sentiment, and budget utilization reports. Data cleaning techniques such as missing value imputation, outlier
removal, and data normalization were applied to ensure quality and consistency. Both structured (e.g., numeric ratings, cost tables) and unstructured
data (e.g., reviews, social comments) were processed using tools like Python’s pandas and NLP libraries.

Phase 2: Feature Engineering Domain experts helped identify key attributes influencing vendor success and budget efficiency. These included metrics
such as vendor reliability score, on-time delivery ratio, complaint frequency, average cost per service, and contextual factors like event type and
audience size. Dimensionality reduction techniques such as Principal Component Analysis (PCA) were applied to minimize noise and focus on the
most predictive features.

Phase 3: Vendor Model Development Supervised learning algorithms including Decision Trees, Random Forest, and Support Vector Machines (SVM)
were implemented to classify vendors as high-, medium-, or low-suitability based on historical data. Model performance was evaluated using k-fold
cross-validation and metrics such as accuracy, precision, recall, and F1-score. Feature importance scores from Random Forests guided further
refinement of the model. The resulting model not only predicted vendor suitability but also generated ranking scores, which were integrated into the
final selection module.

Phase 4: Budget Optimization Model The budget allocation problem was framed as a linear programming (LP) problem with the objective of
maximizing event utility under financial constraints. The model accounted for fixed and variable costs across categories such as catering, logistics,
marketing, and venue. Constraint conditions included upper limits for each category, mandatory minimum spends, and quality thresholds. Solver
libraries such as PuLP in Python were used for implementation. In addition, a sensitivity analysis was conducted to examine the impact of varying
constraints on the optimal solution, enabling more flexible budgeting strategies for planners.

Phase 5: Integration and User Interface Development A prototype decision support system (DSS) was developed integrating the vendor classification
engine and the budget optimizer. The system included a web-based interface allowing users to enter event parameters, adjust preferences, and review
recommendations. Dynamic charts and tables were used to present results in a user-friendly format. Custom filters were added to allow planners to
prioritize vendor attributes such as eco-friendliness, local sourcing, or delivery time. The interface also allowed for scenario testing by simulating
different planning configurations.

Phase 6: Simulation and Scenario Testing To evaluate the system's effectiveness, multiple synthetic event scenarios were created varying in size, type,
and budget. These included corporate events, academic conferences, and entertainment festivals. Each scenario was run through the DSS, and outcomes
were compared to baseline manual plans in terms of cost-effectiveness, vendor performance alignment, and time saved in planning. Simulations also
incorporated unexpected constraints, such as vendor unavailability or cost inflation, to test the adaptability of the system in dynamic environments.

Phase 7: Evaluation and Feedback The system’s output was benchmarked using performance indicators such as budget adherence rate, vendor
satisfaction rating, planning time reduction, and overall event success metrics. Feedback was gathered from domain professionals and event managers
through surveys and interviews to assess usability and practical relevance. This feedback loop was critical in refining the model for real-world
deployment. Usability testing confirmed the system's value in reducing cognitive load on planners and increasing decision confidence.

Phase 8: Model Updating and Continuous Learning To ensure long-term viability and relevance, the system was designed with continuous learning
capabilities. As new event data are collected, models are retrained periodically to reflect evolving trends, vendor behavior, and pricing patterns. This
adaptive approach ensures that the recommendations remain accurate and contextually appropriate over time. Plans for integrating external data sources
such as public vendor registries, weather forecasts, and regional pricing indices are under development to further enrich the model.

This multi-layered methodology ensures the robustness, scalability, and relevance of the proposed Al-driven solution. By combining statistical rigor
with practical validation, the system is designed to support data-informed, efficient, and adaptive event planning.
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4. System Architecture

The suggested system design for Al-based event optimization involves various interrelated modules that enable data collection, processing, analysis,
and utilization for better decision-making. The architecture is modular and layered to ensure scalability, maintainability, and flexibility in adapting to
varied event scenarios. The architecture encompasses real-time and batch processing and is integrated with third-party tools and platforms for
streamlined integration.

A. Data Collection Layer

This layer consolidates data from past events, vendor interactions, third-party APIs, CRM tools, and finance software. It handles structured data (e.g.,
timelines, budgets) and unstructured data (e.g., textual feedback, social media sentiment). Technologies such as REST APIs and Apache Kafka are
utilized for real-time ingestion, with periodic batch processes utilizing tools such as Talend or Apache NiFi.

B. Data Processing and Preprocessing Module

This module guarantees that data gathered is of high quality and uniformity. The main processes are deduplication, outlier detection, missing value
imputation, and data normalization. Unstructured data processing involves NLP-based processing via libraries such as spaCy or NLTK for sentiment
tagging, keyword extraction, and named entity recognition. Preprocessed data is saved in a centralized data warehouse (e.g., Amazon Redshift or
Google BigQuery) for access by all downstream modules.

C. Vendor Evaluation Engine

This Al-powered engine employs supervised machine learning algorithms like Decision Trees, Random Forests, and SVMs to categorize vendors
according to KPlIs. It incorporates a vendor profiling feature that constructs dynamic vendor personas from past performance, feedback scores, cost
history, and performance history. The engine is designed for continuous learning by retraining on post-event data to yield up-to-date recommendations
with the passage of time. Explainable Al (XAIl) add-ons like SHAP or LIME are included to ensure vendor rankings are transparent.

D. Budget Optimzation Allocator

It executes linear and integer programming algorithms to generate cost-efficient budget plans. It has a rule engine for constraint checking (i.e.,
minimum advertising spend, venue cost ceiling) and incorporates live pricing feeds from suppliers. A hybrid optimization approach that uses LP
blended with reinforcement learning allows the system to dynamically adjust budgets following mid-event updates or stakeholder feedback.

E. Scenario Simulator and Risk Engine

Through agent-based modeling and Monte Carlo simulations, this module forecasts potential risks and budget variances under various scenarios. It
enables planners to model conditions such as vendor withdrawals, weather-related disruptions, and surge in demand. Scenario results are rated
according to risk, cost effect, and recovery alternatives, enabling planners to construct contingency strategies ahead of time.

F. User Interface and Interaction Layer

The platform features a web-based dashboard with a user interface developed using React]S or Angular. Users can set event parameters, optimize
constraint adjustment, choose vendor categories, and view budget plans. The platform features drag-and-drop tools for reallocation, dynamic charts, and
heatmaps to detect budget hotspots. It also has multi-user support with access control, allowing planners, vendors, and stakeholders to collaborate.

G. Feedback and Learning Loop

Post-event information is cycled back into the system to constantly optimize model performance. These include end budget vs. actual analyses, vendor
assessment forms, and stakeholder satisfaction surveys. An auto-annotation engine identifies anomalies and indicates departures from forecasted
outcomes. The learning loop also includes season or locational adjustments for better regional responsiveness.

H. System Integration and APl Gateway

The design has an API gateway for secure integration with external systems such as ERP applications, accounting software (e.g., QuickBooks, Zoho
Books), and communication software (e.g., Slack, Microsoft Teams). This promotes real-time data synchronization and efficient workflow automation.
This end-to-end architecture creates a strong Al-fueled ecosystem for event management that can perform intelligent decision support, real-time
adjustability, transparent reporting, and continuous performance improvement. It integrates sophisticated data science methodologies with functional
usability features to provide an innovative tool for contemporary event planners.
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5. Al Models and Algorithms in Depth

The Al Event Management System combines state-of-the-art artificial intelligence methods and decision algorithms to provide intelligent automation,
data-driven analytics, and high personalization. This section gives an in-depth explanation of the models and methods driving the system's core
functionalities: vendor recommendation, budget optimization, and planning simulations.

Vendor Recommendation System
Vendor Clustering Using K-Means

. Grouping vendors into groups based on quality makes it easier for organizers to choose. The model applies the K-Means algorithm, an
unsupervised learning technique, to cluster vendors according to multi-dimensional factors:

e  Normalized price: makes it comparable across vendors

e Average customer rating: captures past quality

. Sentiment score: pulled from textual feedback and reviews using NLP methods

. Service count: measures vendor reliability and availability

. By grouping vendors into k tiers (Tier-1 to Tier-3), the system enables budget-conscious or quality-oriented filtering. Organizers can give
Tier-1 vendors top priority when budgets allow or seek lower tiers for cost reduction.

TOPSIS-Based Ranking of Vendors

e To further fine-tune the vendor selection, the system uses the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS). This
technique ranks vendors based on how they compare to an ideal and worst-case vendor on various criteria:

. Combined rating and sentiment: captures perceived quality

. Cost factor: penalizes for higher prices

. Binary availability: guarantees vendor can supply the target event

. Distance from event location: inversely weighted to minimize logistical expenses TOPSIS is flexible to use customizable weightings—40%
for quality, 30% for cost in the base case—so the organizer can set priorities on what is most important. The outcome is a ranked list where
vendors are rated against the best and worst possible setups, providing an even balance of performance and reality.

Hybrid Recommendation System (Collaborative + Content-Based Filtering)

. For further personalization, the system integrates collaborative filtering (CF) and content-based filtering (CBF) into a hybrid model:

. Collaborative Filtering relies on past organizer decisions. Implicit feedback matrix records interactions (e.g., vendors together often chosen),
and matrix factorization alleviates dimensionality, allowing for quick training and prediction.

. Content-Based Filtering examines event metadata (type, size, location) and structured vendor profiles. TF-IDF vectors are derived from
textual descriptions and tags, and cosine similarity is calculated to match vendors with present event profiles.

. This blended system provides for flexibility—learning both from past patterns and event-specific requirements.

Budget Optimization Engine

1. Linear Programming Model for Budget Allocation Distribution of budget is optimized through a linear programming (LP) model to achieve
maximum event utility within the budget.

PuLP, a linear optimization library for Python, is employed to solve this in an efficient manner. This model provides an optimal allocation of
expenditure, preventing any category from being over- or under-spent in comparison to its estimated effectiveness.

2. Utility Prediction via Random Forest Regression

To estimate utility values the model learns a Random Forest Regression model on past event data. The input features are:
Event type (such as wedding, corporate conference)

Location
Spending by category

Vendor tier participation The target variable is an outcome measure like event satisfaction index, attendee engagement score, or reach/footfall. This
method enables the LP model to be based on machine-forecasted data rather than fixed assumptions, resulting in event-specific and more accurate
optimization.
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3. Genetic Algorithm for Multi-Event and Nonlinear Planning

In multi-event cases with nonlinear relationships (e.g., week-long festivals with common vendors and resources), a Genetic Algorithm (GA) is utilized.
Important features are:

Genes: allocation percentages by day and category

Fitness Function: sum of predicted utility over all events

Crossover: combines budget approaches to create new candidates

Mutation: adds randomness to prevent local optima By utilizing the DEAP library in Python, the GA adapts across generations to discover a close-to-
optimal solution. This approach performs well in sophisticated environments where linearity no longer applies.

4. Scenario Simulation Module

In aid of strategic forecasting, the system features a scenario simulator allowing for "what-if" analysis. Planners are able to simulate:

Budget changes (e.g., a 25% reduction)

Strategic realignments (e.g., prioritizing technology and food at the expense of decor)

Vendor availability fluctuations or surge pricing situations Every simulation refreshes constraints and re-runs the optimization engine, giving data-
driven suggestions based on the new scenario. This allows organizers to anticipate risks in advance and adjust priorities dynamically.

Technical Infrastructure
1. Programming Stack

e Python: training, evaluation, and orchestration of models
e FastAPI + Uvicorn: light-weight framework for serving REST APIs This stack supports quick development and deployment of Al services.

2. Al and Optimization Libraries

. Scikit-learn: model development and evaluation (Random Forests, K-Means)
. PuLP: linear programming for optimizing budget

. NLTK / TextBlob: review sentiment analysis

. DEAP: evolutionary algorithm library for GAs

. Pandas / NumPy: manipulating data and feature engineering

3. Deployment and Hosting

. Docker: containerizes every microservice for portability

. AWS Lambda & API Gateway: serverless compute and scalable endpoints

. Amazon RDS: stores structured data like vendor profiles and event logs This architecture provides reliability, scalability, and rapid access,
particularly during high-demand planning times.

6 UtsavAl Case Study Analysis
1. Deployment Overview

UtsavAl is a platform that uses artificial intelligence to make the event planning process easier and more automated. It offers features such as smart
vendor recommendations, budget planning support, an overall organizer dashboard, and a certified vendor marketplace. From August 2024 to March
2025, UtsavAl was aggressively deployed in six key North Indian cities, including Delhi, Dehradun, Haridwar, Roorkee, Jaipur, and Chandigarh.
Throughout this deployment phase, the platform handled 74 events in real life, with a large variety of formats ranging from college fests to public
festivals. More than 75 lakhs total budget was processed via the platform, and it handled information from approximately 1,500 vendors over 76
unique service categories.
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Figure 2:- Al-Driven Vendor Recommendation System in UtsavAl
2. Event Type Distribution and Versatility

UtsavAl showed versatility across a broad variety of event types. Fests organized by the college comprised the bulk of the events and accounted for
55% of them. These were hackathons, cultural nights, and technology expos. Technical events like robotics competitions and coding marathons
accounted for 20%, while cultural competitions such as dance battles and open mic performances accounted for 15%. Public festivals like community
fairs and neighborhood food festivals accounted for the rest at 10%. This segmentation reflects the ability of the platform to work on academic,
corporate, and public platforms, showcasing flexibility in handling both large-attendance and small-group events.

3. Vendor Recommendation System Performance

The Al-driven vendor recommendation system of UtsavAl is one of the important elements of the system, which uses multi-dimensional clustering (K-
Means) and decision models such as TOPSIS to recommend appropriate vendors considering quality, price, availability, and user feedback. Prior to
UtsavAl, organizers spent 3—4 days on average in making vendor decisions, and satisfaction levels were around 78%. Through UtsavAl, this duration
got significantly reduced to less than six hours, while satisfaction levels increased to 92.3%, based on organized post-event feedback.

The recommendation tool had an accuracy of 87.5% for the top-5 recommendations, so the majority of the organizers were able to find their chosen
vendor among the top couple of Al-made recommendations. Notably, 96% of the platform users used the Al suggestion tool regularly, and 92% of
vendors recommended were actually booked successfully. On average, this automation saved between 18 to 24 hours of planning time for every event.
These statistics indicate both the effectiveness and reliability of the Al in real-world applications.

4. Budget Maximization and Cost Effectiveness

UtsavAl further brought Al-based budget optimization to the fore. Manual budget distribution methods traditionally used by organizers usually meant
over-spending on aspects such as stage design or technology with no insight into ROI. These inefficiencies caused frustration to organizers and
mismatches in budgets.

With UtsavAl, a Linear Programming (LP) model was applied to maximize budget distribution on the basis of forecasted utility (????; values), which
were determined using Random Forest Regression models. The system accounted for event category, location, vendor tier, and past expenditure
patterns. Organizers were also able to run hypothetical scenarios—e.g., budget reductions or sponsor interventions—and observe the consequent effect
on category-wise allocations.

The quantitative results were unambiguous. The efficiency of budget usage increased from 92% to 94%. Average post-event cost overrun plummeted
from 7,500 to ¥1,200. Perceived value for money spent, rated by organizers on a 10-point scale, increased from 6.2 to 8.9. These enhancements reflect
how Al can reconcile financial limits with anticipated results, making it more affordable and predictable to plan.

5. Real-Time Adaptability and Simulation Value

One of UtsavAl’s major strengths was its ability to adapt to dynamic changes. For example, when an event venue was changed last minute or when
sponsorship funds were added midway through the planning, UtsavAl could re-run its optimization models in real time. The built-in simulation module
helped organizers explore “what-if” scenarios such as budget reductions or shifting category priorities (e.g., prioritizing food and technology over
decor). This allowed planners to make more informed, proactive decisions rather than reacting to unexpected changes under pressure.
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6. Organizer Experiences and Testimonials

User feedback played a vital role in validating UtsavAl’s success. Organizers across various cities shared that the Al assistant significantly reduced
their workload and enabled confident decision-making. A tech fest organizer from Roorkee shared that UtsavAl "practically made all major calls" for
the event. One student coordinator said that the DJ and decor services were "under budget and spot-on," completing vendor onboarding ahead of
schedule. A second organizer from a startup expo added that the simulation feature enabled them to "explain the budget to sponsors more
professionally," improving credibility and transparency in planning finances.

7. Vendor Benefits and Marketplace Enhancements

UtsavAl also provided real-world benefits to vendors. With lead matching from Al and verified organizer profiles, vendors got more appropriate
inquiries. Vendors had an average of 3.2 inquiries per week prior to integration; post-UtsavAl, this improved to 7.2. The booking closure rate was
enhanced by 42% because vendors were being matched with organizers possessing clear requirements, timelines, and budgets. The platform's
streamlined proposal process also ensured vendors received a clearly defined scope of work, eliminating miscommunication and enhancing overall
efficiency.

8. Recap of Al Impact

The roll-out of UtsavAl highlighted the revolutionary potential of Al in the event management space. From cutting down on vendor choice time and
maximizing utilization of the budget to enhancing satisfaction rates and logistics, the platform delivered quantifiable value across the board. Both
vendors and organizers enjoyed a more informed, data-driven, and smart planning experience.

Not just did UtsavAl automate mundane work, but it also brought strategic insights via its recommendation engine, budget optimizer, and real-time
simulation tools. It proved that with the proper Al infrastructure, even intricate, multi-category events could be better managed, setting the benchmark
for future event planning technologies.
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Figure 2: - Comparison of Planning Metrics, Traditional vs. UtsavAl

7 Comparative Analysis with Traditional Event Planning

This chapter is a detailed comparison of the conventional event planning process and the Al-based solution provided by UtsavAl. The aim is to study
how artificial intelligence improves the efficiency, accuracy, and overall experience of event planning. Comparing various dimensions such as time
consumed, expense, user satisfaction, and consistency of outcomes, we can appreciate the hard benefits of embracing Al-driven platforms.

1. Traditional Event Planning: What It Looks Like

Events were previously mainly a time-consuming and manual endeavor. Organizers would usually identify vendors from referrals or browsing online
directories. The process was time-consuming and unreliable since there wasn't a verified or central vendor database. Vendors were negotiated with via
phone calls or emails, which was time-consuming and could be susceptible to miscommunication.

Budgeting was typically accomplished with rudimentary spreadsheets or taking numbers from previous instances without further analysis. Event
management firms were occasionally brought in to assist, but this added to the cost. Little analysis or statistical software were used in making
decisions, so there was a heavy reliance on experience and estimation.

e This process had several issues:



International Journal of Research Publication and Reviews, Vol (6), Issue (6), June (2025) Page — 1661-1673 1669

. It took a lot of time, often days or even weeks.

. Budgets were usually imprecise, creating overspending or underallocation.

. Decisions were intuitive, based on habits or instincts instead of facts.

e Outcomes of events were unpredictable, with potential risks such as vendor non-appearances or subpar services.
2. How UtsavAl Revolutionizes the Planning Game

UtsavAl streamlines and optimizes most of these tedious manual processes through artificial intelligence. It offers a verified vendor marketplace, real-
time budget suggestions, and an Al assistant that keeps organizers on track from planning inception to completion. This platform cuts down efforts and
time needed to fulfill the most important planning phases considerably.

For instance, vendor selection that usually took 2 to 5 days can be done in less than 4 hours. Budgeting, which could take 3 days by hand, can be
reduced to under an hour. Al algorithms look at vendor scores, previous event history, and cost considerations to make suggestions that are not just
quick but also extremely accurate. Organizers also get the advantage of pre-created templates and previous event data, which enhance planning
accuracy over time.

3. Time Efficiency: From Days to Hours

One of the most significant improvements with UtsavAl is minimizing time spent on vendor selection and budgeting. Conventional processes entail
much back-and-forth dialogue with vendors, sitting around for responses, and calling to check availability. Peak seasons can lead to delays that push
planning periods to a few days.

UtsavAl fixes this by giving organizers real-time ratings and availability of vendors, so they can instantly know which vendors are appropriate. The Al
helper instantly gives a list of vendors ordered by quality, price, and other factors quickly. This automation reduces the process of finalizing vendors
significantly. One good example is a college fest that decreased their vendor selection time from 4 days to only 6.5 hours after implementing UtsavAl.

4. Smarter and More Effective Budgeting

Budgeting has never been an easy but essential part of event planning. Most budgets are still developed from historical spends or lazy estimates, which
don't necessarily represent today's market conditions or event priorities. This results in wasteful spending, with funds being squandered on lower-
priority categories or surprise blowouts.

UtsavAl enhances budgeting by automatically tracking vendor prices and realigning allocations depending on event priorities and data-driven insights.
For example, the system can allocate funds more to entertainment or venue expenses if these are projected to have the greatest impact on attendee
satisfaction. The Al applies optimization models to recommend an optimal allocation of funds that delivers maximum total utility given the available
budget. Across several events, this resulted in a 16% increase in budget efficiency compared to manual planning.

5. Predictable and Consistent Event Outcomes

The conventional event planning is frequently plagued by unpredictability. Issues such as vendors failing to arrive, quality not being as expected, or
last-minute adjustments create stress and frustrations. They happen because decisions are subjective and lack accountability and transparency.

With UtsavAl, decisions are backed by data and predictive analytics. Vendors are scored based on historical performance, reviews, and sentiment
analysis. The Al flags potential risks and recommends backup options proactively. Organizers receive notifications about possible issues well before
the event, allowing them to make informed adjustments. This consistent, data-supported approach reduces surprises and enhances the reliability of
event outcomes.

6. Cost Savings and Efficiency Gains

Cost is an important factor in event planning. Classic processes involve more labor and time, and hence, human resource cost is higher. There is also a
greater likelihood of mistakes or delay contributing to overhead costs. For instance, a classic event may involve 4 to 7 people who work for several
days, and there are additional costs due to planning errors.

UtsavAl minimizes these expenses by eliminating communication and decision-making efforts. The average planning team is reduced to 2 or 3 since
the Al performs most of the routine work. The platform itself is a substitute for several external tools and decreases the likelihood of errors. Overall,
UtsavAl brings the total overhead expenditure down from approximately 223,500 to 34,500 for each event, which is a substantial reduction that also
translates into lesser financial risk.
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7. Enhanced User Experience and Satisfaction

User comments illustrate evident enhancements in satisfaction with Al-based planning. Organizers indicate that UtsavAl simplifies planning
significantly, improving their vendor decision-making confidence and minimizing event execution stress. The platform's assisted Al guide eases the
process even for novice planners.

Ease of planning scores improved from 6.5 to 9.2 on a scale of 10, and vendor selection confidence improved from 7.0 to 9.0. Moreover, more than
94% of the organizers showed readiness to refer UtsavAl to others, in contrast to only 68% for manual methods. All these positive experiences indicate
that not only does Al accelerate planning but also makes the event quality significantly better.

8. Long-Term Benefits: Scalability and Knowledge Retention

Traditional event planning processes are hard to scale because every event involves a lot of manual labor and new decision-making. They do not have
institutional memory, i.e., learnings from previous events are seldom leveraged effectively.

On the contrary, UtsavAl provides a scalable solution that supports hosting multiple events and retaining knowledge through saved event templates,
analytics, and event histories. The Al improves with time, offering richer insights and improved recommendations for subsequent events. This long-
term advantage results in ongoing improvement and improved efficiency for companies that organize repeat events or large festivals.

8 Technical Architecture of Al-Driven Event Management Systems

The design of an Al-based event management system is a sophisticated blend of several technology layers, aimed at automating, optimizing, and
simplifying the intricate process of event planning. It combines intelligent machine learning models with scalable cloud infrastructure, robust data
security, and user-friendly interfaces to enable organizers with decision-making insights and automation.

1. Data Collection and Integration Layer

Laying at the core of the system is the data integration and gathering layer, which acts as the focal point to collect extensive data required for Al-based
decision-making. This layer collects data from various disparate inputs:

. Vendor Profiles: Vendor prices, availability calendars, service types, and historic performance metrics.
. Event Metadata: Information regarding event types, sizes, locations, timelines, and past results.

. User Feedback and Ratings: Post-event feedback, sentiment scores derived from text using NLP, and implicit feedback (e.g., booking
patterns).

. Market and Environmental Data: Real-time pricing trends, regional vendor supply fluctuations, and seasonal demand variations.
Data ingestion pipelines leverage API connections, webhooks, batch uploads, and streaming services to stream new data constantly into the system.
Data cleaning and validation tasks are performed here to eliminate inconsistencies, manage missing values, and normalize formats (e.g., price
normalization across regions and currencies). High-quality input is thus provided for downstream Al modules.
2. Data Storage and Management

The acquired data is saved in a multi-layered storage system tuned for various types of data and access patterns:

. Relational Databases: Organized data like schedules of events, budgets, contracts with vendors, and transactional data are saved in SQL
databases (like PostgreSQL or AWS RDS). These accommodate high-complexity querying and transactional consistency.

. NoSQL Databases and Data Lakes: Semi-structured or unstructured data such as user ratings, chat logs, and sentiment analysis outputs are
kept in NoSQL stores (e.g., MongoDB, Elasticsearch) or data lakes (e.g., AWS S3). These enable flexible schema evolution as well as rapid
search.

. Caching Layers: For low-latency responses, data accessed repeatedly such as top vendor lists, precomputed recommendations, and model
outputs are cached in-memory using systems such as Redis or Memcached.

Strong data governance controls such as access controls, auditing logging, and encryption at rest are applied to preserve privacy and meet regulative
requirements like GDPR.
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3. Al and Machine Learning Engine
This is the core intelligence center of the system where several models of Al work together to complete various planning tasks:

e  Vendor Clustering and Grouping: Unsupervised learning methods such as K-Means group vendors into quality levels according to
normalized attributes such as price, rating, sentiment, and service availability. This clustering allows for quick filtering and tiered selection
of vendors according to budget restrictions.

e  Multi-Criteria Decision Making (MCDM) with TOPSIS: The vendors are ranked by using the TOPSIS method, which calculates how close
each vendor's attributes are to the ideal best solution while keeping the worst at maximum distance. Some of the criteria used are quality-
adjusted ratings, sentiment, ease of purchase (inverse cost), availability, and distance. Weightings can be adjusted to suit organizer priorities
(e.g., quality over cost).

. Hybrid Recommendation System: It combines collaborative filtering based on previous organizer liking and implicit feedback with content-
based filtering that examines event attributes and vendor profiles based on text mining methods such as TF-IDF and cosine similarity. The

hybrid model balances context-awareness and personalization, providing highly relevant vendor recommendations.

. Budget Optimization Models:

Linear Programming (LP) models maximize expected utility within budgetary limits by optimizing the allocation of spend across categories. LP solvers
such as PuLP calculate the optimal budget split with high efficiency.

Genetic Algorithms (GA) handle hard, nonlinear multi-objective cases where LP is inadequate. GAs represent budget allocations as genes and develop
solutions through crossover and mutation on the basis of fitness functions that model overall event utility.

e  Predictive Analytics: Machine learning regressors like Random Forest Regression forecast important measures like anticipated attendance,
reach, or satisfaction ratings based on event attributes, spend behaviors, and vendor quality levels. Such forecasts are used to drive utility
scores in budget optimization.

. Natural Language Processing (NLP): TextBlob, NLTK, and the like text libraries examine user input text for sentiment scoring, deriving
insights from vendor reviews and chat conversations. This enhances vendor profiles and optimizes recommendation quality.

4. API Layer and Microservices Architecture
The architecture of the system is designed as a group of loosely coupled microservices, with each microservice handling a distinct domain (e.g., vendor
management, recommendation engine, budget optimizer, user management). The services interact with each other using lightweight RESTful APIs
constructed with FastAPI and served by Uvicorn ASGI servers, allowing asynchronous, high-performance execution.
Microservices have the following advantages:

. Scalability: Individual components can scale horizontally to handle increased loads, such as during event peak seasons.

. Modularity: Developers can update or replace individual modules without disrupting the entire system.

. Fault Isolation: Failures in one service do not cascade, improving system reliability.

API gateways route requests, perform authentication and rate limiting, and provide monitoring. Services use secure JSON Web Tokens (JWT) for
authentication and role-based access control (RBAC) to restrict sensitive operations.

5. User Interface and Experience Layer
Organizers engage with the platform using a rich, web-based user interface optimized for ease of use and actionable insights:
. Real-Time Vendor Recommendations: Immediately present ranked lists of vendors based on organizer preferences.

. Budget Planning and Simulation Tools: Interactive controls enable dynamic budget modification and "what-if" simulations (e.g., cutting
overall budget, focusing on categories). Visual charts display allocation recommendations and anticipated effects.
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. Chatbot Assistant: A conversational Al interface assists organizers step-by-step, responds to questions, and suggests ideas, reducing the
learning curve.

. Notifications and Alerts: Timely reminders inform users of vendor confirmations, budget discrepancies, and near -future deadlines.
Responsive design makes it accessible on desktops, tablets, and smartphones.
6. Security, Compliance, and Reliability
Security is top priority because of the financial and sensitive personal information being processed by the platform:

e  Authentication and Authorization: Safe login interfaces with multi-factor authentication (MFA) and token-based sessions ensure that
authorized users alone access confidential information.

. Data Encryption: All data in transit is encrypted using TLS and data at rest is encrypted using AES-256 or similar standards.

. Compliance: The platform is compliant with data privacy laws, ensuring user consent management, anonymization of data where applicable,
and open data policies.

. Disaster Recovery and Backup: Automated backup and duplicate cloud storage ensure redundancy against data loss. Failover processes
ensure uptime during downtime.

7. Deployment Infrastructure and Scalability

The application is deployed with containerization tools such as Docker, packaging services for portability and consistency of environment.
Orchestration tools such as Kubernetes (AWS EKS) or AWS Lambda functions support auto-scaling based on demand.

Cloud-native services handle databases, API gateways, and storage, enabling the system to elastically scale with the number of concurrent events, users,
and volume of data. Load balancing and CDN integrations make responses faster worldwide.

9 Future Work

UtsavAl has rightly proven that artificial intelligence can revolutionize event management, speeding it up, making it more data-intensive, and user-
friendly. Nevertheless, there are a few promising directions for further growth that can expand its features, make it more applicable, and offer greater
value to users.

One significant area is in future personalization. Whereas the present models personalize suggestions based on history and like/dislike, future iterations
could have contextual sensitivity. For example, the system may account for real-time weather, local events, cultural calendars, or social media trends to
make more specific vendor recommendations and timing of events. Deep reinforcement learning could be added to enable continuous adaptation by the
system throughout event planning, aggregating experience from every transaction in order to make better suggestions.

There is also significant scope for incorporating Augmented Reality (AR) and Virtual Reality (VR) into the platform. Organizers would be able to
utilize AR/VR platforms in order to visualize event floor plans, stage setup, or decor installations prior to finalizing vendors. This would minimize
planning uncertainty and enhance decision-making. Moreover, immersive VR simulations would enable stakeholders to see firsthand the effect of
varying budget allocations on the overall appearance and ambiance of an event.

Another development area is predictive risk management. Subsequent releases of UtsavAl may have a separate module to determine risk factors like
untrusted vendors, stringent timelines, or outside interference like weather or logistics challenges. The module could give risk ratings and proactive
advice or backup plans, enhancing resilience in event delivery.

Multilingual and voice-enabled support would further enhance inclusivity for the platform. Natural voice commands and regional language support
through Al planning assistants would make a huge difference for non-technical participants and members of diverse linguistic communities. These
features would be particularly useful for student organizers and community-led events.

For increased transparency and trust, blockchain technology can be explored. Smart contracts can be used to automate vendor payments according to
delivery conditions, and vendor history and feedback can be kept in an immutable ledger in a secure manner. This will increase reliability and decrease
the likelihood of conflicts.

Artificial intelligence might also be used to assist the creative functions involved in the event planning process. Automated tools for creating marketing
content such as banners, invitations, and social media updates based on Al models would lighten the workload from graphic designers. Content
schedulers could also ensure that when and where marketing material is published for maximum visibility and interaction.

As the platform expands, it will start to accumulate huge amounts of cross-event data. This creates the potential for macro-level analysis and
benchmarking. Al models can examine trends across events to create optimized templates, reveal the best vendors, or uncover emerging budgeting
techniques. These insights would be extremely useful for first-time organizers seeking best practices.

The future roadmap must also encompass strong support for virtual and hybrid events. With numerous organizations going for blended formats,
UtsavAl can be further integrated with tools such as Zoom, Microsoft Teams, or Hopin. This would enable event items such as scheduling speakers,
crafting agendas, and participant engagement to be organized within one ecosystem.
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Finally, there is more interest in sustainable event management. Al may be applied to evaluate and propose suppliers in terms of eco-friendliness, e.g.,
using recyclable materials, providing low-carbon transport, or reducing waste. It may also provide alternatives like virtual invitations and energy-
efficient machinery to assist in minimizing the environmental impact of events.

In conclusion, though UtsavAl has already shown efficacy in real-world application, these potential advances can greatly expand its capabilities. By
incorporating advances in personalization, immersive technology, risk prediction, automation, and sustainability, Al-powered event management
systems can further transform into more intelligent, inclusive, and impactful applications for event planners of all levels.

10 Conclusion

The infusion of artificial intelligence in event management, as showcased by the creation and implementation of UtsavAl, represents a critical shift in
planning, delivering, and measuring events. Conventional event planning techniques, though effective, tend to be plagued by inefficiencies, biased
decision-making, and labor-intensive processes. UtsavAl remedies these drawbacks by injecting data-driven wisdom, automation, and real-time
flexibility into each phase of the planning cycle.

Through modules like the Vendor Recommendation System, Budget Optimization Engine, and Hybrid Al Recommendation Models, UtsavAl increases
efficiency as well as the quality of decisions. With such a system, organizers can make decisions supported by clustering algorithms, ranking methods
such as TOPSIS, collaborative filtering, and content-based filtering as well as optimization methods like linear programming and genetic algorithms.
Not only do these technologies minimize planning time and budget shortages but also guarantee a greater satisfaction rate among organizers and
vendors.

The case study of UtsavAl's rollout in six cities and 74 events highlights its impact in real life. With decreased vendor finalization time, increased
budget realization, and increased organizer satisfaction ratings, the system has patently beaten conventional practices on several counts. Furthermore,
the Al-based approach has demonstrated scalability, consistency, and adaptability to changing needs, such as changes in budgets or event priorities.
Comparative assessment against conventional practices further emphasizes the benefits of Al in this area. Less human intervention, quicker decision-
making, enhanced accuracy, and enhanced long-term planning are some of the key strengths of an intelligent, centralized platform such as UtsavAl.
The system's technical architecture, developed with scalable, modular technologies such as FastAPl, DEAP, Scikit-learn, and AWS services, guarantees
high availability, fast processing, and ease of extensibility. The infrastructure enables the platform to continually evolve with new Al methods and user
needs.

In the future, there will be huge prospects for growing the functionality of event management through Al. Features like personalization, predictive risk
avoidance, experiential planning using AR/VR, sustainability-oriented functionalities, and multilingualism will further make such platforms more
inclusive, effective, and smart.

Overall, UtsavAl shows the way how artificial intelligence is transforming a historically man-driven and fragmented sector. It sets up an environment
where technology, data, and human imagination come together to deliver smarter, quicker, and more successful events. The future of event planning is
not only digital—it is intelligent, responsive, and highly customized.
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