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Abstract: Locating dependable neighborhood professionals such as repairmen, home tutors, beauty
specialists, or appliance technicians often turns into an exhausting ordeal for urban and suburban
residents. Conventional approaches including asking acquaintances, skimming through disorganized web
directories, or relying on suspicious feedback take up excessive time and frequently produce disappointing
results. This study offers a novel machine learning driven method to tackle this widespread difficulty. The
suggested framework known as the Smart Personalized Recommendation Engine for Hyperlocal Service
Discovery observes individual user habits, previous selections, satisfaction scores, and geographic
preferences to suggest the most appropriate professionals instantly. Different from standard service
platforms that apply identical treatment to everyone, our method adjusts to each person's distinct
requirements, financial limits, urgency status, and desirable appointment windows. Through merging
collaborative filtering with environment aware decision making, the framework steadily enhances its
suggestions using response loops. We additionally examine how confidentiality worries are handled
through distributed data storage and optional customization features. Based on real world scenario
examination and limited user trials, we illustrate that customized suggestions significantly cut down the
time invested in hunting for professionals while boosting overall happiness. The study finishes by pointing
out present restrictions and describing upcoming improvements such as spoken search capabilities and
connection with neighborhood validation systems.

Keywords: Machine Learning, Customized Recommendations, Hyperlocal Professional Discovery,
Collaborative Filtering, Context Aware Systems, User Behavior Modeling

I. INTRODUCTION

Locating a dependable local professional continues to be a common daily headache that appears straightforward yet never
truly gets resolved well. A bathroom pipe develops a crack unexpectedly during the late night hours. A cooling unit stops
functioning properly on the most sweltering summer afternoon. A guardian urgently needs a subject teacher right before
final examinations. During each such circumstance, most individuals rely on consulting relatives or neighbors, wishing
that somebody knows a trustworthy contact. This technique succeeds occasionally but fails regularly. The referrals are
arbitrary, unchecked, and seldom align with what the individual genuinely requires regarding cost, scheduling, or quality
standards.

Over the past few years, various phone applications and internet sites have appeared claiming to address this difficulty.
They enumerate numerous professionals across different trades in a single location. However, examine how these systems
operate. They present lengthy disorganized collections of identities. A person looking for a furniture repair expert sees
dozens of choices without any wise direction regarding which one fits their particular scenario. Certain systems arrange
by proximity, others by random fame, but none genuinely grasp the individual who is looking. Each visitor sees an
identical collection.
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The notion behind a tailored local professional finder varies and proves considerably more beneficial. Rather than
handling all individuals uniformly, the framework develops a distinctive comprehension of every user. It observes which
kind of professionals a person reserves, what cost bracket they select, what time slots they like for appointments, and
how they assess various specialists after the job finishes. As time passes, the framework discovers that one user constantly
chooses the most affordable alternative offered. Another user never minds spending additional money provided the
professional shows up within half an hour. A third user deeply values previous client ratings and will skip past any
specialist with below four stars.
Machine learning enables this capability because it can detect patterns in human conduct that are not readily apparent.
An individual may never state "I choose female professionals for personal care services" yet their reservation history
reveals that they have never scheduled a male professional. An individual may never state "I am ready to pay extra for
quicker assistance" yet each time they pick the critical mode, they opt for higher priced professionals who can show up
rapidly. Machine learning algorithms capture these patterns from unprocessed behavioral information and convert them
into enhanced suggestions with each passing day.
The necessity for such a framework is especially pressing in nations like India where the disorganized service industry
employs countless workers. Numerous specialists work individually without any formal system to display their abilities
or establish a standing. On the other hand, countless clients waste hours hunting for these workers through undependable
channels. An intelligent suggestion system benefits both parties. Clients invest less effort hunting and obtain superior
quality work in exchange.
Consider how various individuals search for services in totally different manners. A young couple needing a plumber to
repair a dripping tap might care most about low expense and flexible scheduling times. An occupied workplace
administrator needing an electrician for an entire floor of workstations cares about how many assistants the electrician
brings and whether they can work after regular hours.These variations indicate that displaying identical lists to everyone
is not simply useless but positively damaging. A correct tailored system recognizes these separate user categories and
adjusts both the suggestions and how those suggestions are shown based on who is looking and the reason behind the
search.

Machine Learning Based Personalized Local Service Finder

Smart Recommendations. Trusted Services. Happy Users.
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Fig 1. System Architecture of the Smart Personalized Recommendation Engine for Hyperlocal Service
Discovery

connects them with the right service providers, and delivers value for both sides of the marketplace.
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II. METHODOLOGY
This part explains the sequential procedure we followed to construct and assess the Smart Personalized Recommendation
Engine for Hyperlocal Service Discovery. The methodology addresses information gathering, individual profiling,
machine learning model choice, system development, and performance assessment.

2.1 Information Gathering

We developed a simple mobile compatible web portal and invited sixty volunteer participants from two residential zones
in Nagpur to utilize it during a period of eight weeks. The participants looked for services in four typical categories: pipe
repair, electrical fixes, home teaching for school pupils, and personal care services including haircuts and skin treatments.
Each search produced numerous data elements including the duration spent browsing, filters used by the participant,
which professional profiles were clicked, which professional was eventually booked, whether the booking was finished
or canceled, and the star rating given after service conclusion. We also gathered explicit preference data during participant
signup including preferred service hours, general spending range, and maximum acceptable travel distance for a
professional.

Every participant gave informed permission before joining the study. They were informed that their behavior would be
used to train recommendation models and that they could withdraw at any moment without any consequence. Personal
identifiers were removed from the stored information. Location information was kept only at the neighborhood level,
never as exact addresses.

2.2 Individual Preference Modeling

Every participant in the framework is represented by a preference vector holding multiple numeric dimensions. Some
dimensions are explicitly supplied by the participant during signup such as preferred service hours and spending
sensitivity. Other dimensions are deduced from behavioral patterns. For instance, if a participant consistently books the
lowest priced professional among all options shown, the framework assigns a high weight to the cost sensitivity
dimension. If a participant cancels bookings repeatedly when professional arrival exceeds thirty minutes, the framework
increases the weight on punctuality.

These preference vectors are not unchanging. They refresh after every participant interaction using an exponentially
weighted moving average calculation. Recent behavior receives higher weight than older behavior. This design decision
permits the framework to adjust when a participant's preferences evolve gradually over time, such as when someone
changes employment and moves from morning appointments to evening appointments.

2.3 Machine Learning Models Employed

Three machine learning methods work together within our framework.

The primary method is matrix decomposition. The participant professional interaction information forms a large sparse
matrix where most entries are empty because each participant has only interacted with a small number of professionals.
Matrix decomposition splits this matrix into two smaller matrices, one representing participants and the other representing
professionals. The dot product of a participant vector and a professional vector forecasts how well that professional
matches that participant. We executed a weighted version that gives higher significance to recent interactions compared
to older ones.

The secondary method is gradient boosted decision trees. After matrix decomposition produces a candidate collection of
possible professionals, gradient boosted trees rearrange these candidates using environmental features that matrix
decomposition cannot easily manage. These features include the present time of day, the straight line distance between
participant and professional locations, the urgency level chosen by the participant, and the professional's current number
of pending jobs. Gradient boosting was chosen because it manages missing data effectively and produces predictions
quickly enough for real time usage.
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The third method is K means grouping for participant segmentation. New participants with no behavioral history cannot
use tailored models instantly. To manage this initial state situation, we group existing participants into segments based
on their service consumption patterns. A new participant is assigned to the closest matching segment based on their
signup information, and segment level recommendation patterns are used until sufficient personal history builds up.

2.4 System Development

The backend of the framework was built using the Python programming language. The Scikit learn collection supplied
the machine learning implementations. FastAPI was employed to create the web service endpoints that accept search
requests and return recommendations. Participant preference data and professional profiles are kept in a PostgreSQL
database with encryption applied to all stored information. The recommendation engine operates as a separate
microservice that accepts a search request, generates candidate professionals using matrix decomposition, applies
gradient boosted tree reordering, and delivers results.

2.5 Assessment Strategy

We measured framework performance using both numerical data and participant viewpoints. The quantitative
measurements included average search time per successful booking, number of professional profiles viewed before
making a booking, booking completion rate, and average post service rating. A control group of thirty participants
received non tailored recommendations where professionals were sorted only by distance from the participant's
neighborhood. An experimental group of thirty participants received tailored recommendations based on their learned
preference vectors. Both groups used the framework for the full eight week period. For qualitative feedback, we
performed weekly online surveys asking participants about their happiness level, trust in the recommendations, any
confidentiality worries, and features they wished the framework had. Exit interviews were performed at the conclusion
of the eight weeks.

METHODOLOGY: MACHINE LEARNING BASED PERSONALIZED LOCAL SERVICE FINDER

A Step-by-Step Approach to Building and Evaluating the System
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2.5 EVALUATION STRATEGY
We evaluated the system using quantitative metrics and qualitative feedback through a controlled user study.
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@ Goal: Build a system that understands users, recommends the right local service providers, and delivers a better experience for everyone.

Fig 2. Step by Step Methodology Flow for the Smart Personalized Recommendatlon Engine
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II1. CASE STUDIES
This portion walks through three authentic examples taken directly from our field testing to demonstrate the behavior of
the Smart Personalized Recommendation Engine under genuine daily conditions.

Case Study 3.1 A Working Guardian Looking for a Weekend Teacher

Mrs. Patil works full time at a private organization and resides in a crowded residential area with her teenage son who
was facing difficulties with tenth grade mathematics. Before joining our study, Mrs. Patil had attempted three different
teachers. The first charged excessively high fees for her budget. The second was available only on weekday afternoons
when Mrs. Patil was still at work and could not supervise. The third teacher lived far away and frequently arrived late or
canceled at the last moment.

When Mrs. Patil first used our framework, it had no history of her preferences. The framework showed her five teachers
based on area grouping, matching her with other guardians living in similar housing complexes. She booked one of these
teachers but gave only a three star rating because communication was challenging due to language differences. The
framework recorded this rating. The second time she searched for a teacher, the framework had learned that she preferred
teachers who communicate clearly in the local language. It also noticed from her clicking patterns that she only looked
at teachers who listed Saturday morning availability. By her third search, the framework recommended a teacher who
lived fifteen minutes away, charged a moderate fee, had received excellent ratings from several other guardians, and
confirmed Saturday morning availability without any confusion. Mrs. Patil booked this teacher and later gave a five star
rating. In her exit interview, she said the framework saved her at least three hours of calling different teachers and
comparing their credentials manually.

Case Study 3.2 An Older Resident Needing Urgent Electrical Assistance

Mr. Joshi is a retired gentleman living alone in his residence. One Tuesday evening, he faced a total power failure in his
house. His regular electrician was not answering phone calls. Feeling uneasy in the darkness, Mr. Joshi opened our
application and noticed an urgent mode button. He selected it without fully understanding what it would perform.

The urgent mode changed the recommendation strategy entirely. The framework ignored professionals located more than
three kilometers away even if they had excellent ratings. It prioritized professionals who had explicitly marked themselves
as available for urgent calls and who had successfully finished urgent jobs in the past with quick response times. Within
thirty seconds, the framework showed Mr. Joshi three electricians who could arrive within forty five minutes. He selected
the first one. That electrician reached his home within thirty minutes, identified a faulty main switch, and repaired the
wiring problem. The total cost was slightly higher than what Mr. Joshi usually paid his regular electrician, but he was
completely satisfied because the problem was solved rapidly during a stressful evening. In his feedback survey, Mr. Joshi
wrote that the urgent mode was the single most valuable feature of the entire framework.

Case Study 3.3 A Young Employee Wanting Regular Home Cleaning Services

Neha is a young employee living in a rented apartment. She works extended hours and wanted a dependable cleaning
person to come to her home twice every week. Before joining our study, she had attempted three different service
platforms. On each platform, the assigned cleaning person changed frequently, and she had to explain her requirements
repeatedly to new individuals.

When Neha registered on our framework, she explicitly filled out her preferences. She chose female professional only,
arrival before 9 AM, budget between three hundred and four hundred rupees per visit, and maximum willingness to wait
ten minutes beyond scheduled time before canceling. The framework found a professional who matched all these
preferences exactly. Over the next six weeks, Neha booked the same professional repeatedly without any problems. The
framework learned this pattern and started showing this professional at the top of her search results automatically,
sometimes even before Neha finished typing her search question. She told our survey team that this automatic suggestion
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saved her from typing the same search terms again and again. She also appreciated that the framework never suggested
male professionals or professionals outside her budget range, respecting her stated preferences strictly.

These three case studies demonstrate an essential understanding. Tailoring functions differently for different individuals.
Mrs. Patil needed the framework to learn from her past ratings and adjust its recommendations. Mr. Joshi needed
situational adjustment through an urgent mode that temporarily changed his preference weights. Neha needed strict
enforcement of explicit preferences that she stated upfront. A single generic recommendation system cannot satisfy all
three. Only a tailored system can.

CASE STUDIES

Real Life Examples from Field Testing of the Personalized Local Service Finder
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Weekend Mathematics Tutor Emergency Electrical Help Home Cleaning Services

User Profile Initial Challenges PN User Profile Shtuation User Profile Explicit Preferences
+ Mrs. Deshmukh © First tutor: Too expensive o0 + N Shienne P « Priya @ Female provider only
i & Complete power failure
+ Working mot © Second tutor: Available R « Retired, living slone el Maning + Young professional @ Arrival before 9 AM
on week: S
+ Daughter in 10th grade orly Hays + Needs quick and + Busy work schedule @ Budget: 2300 - 2400
o Lied tie o woskinds © Third tutor: Far away, reliable help Regular electrician + Needs cleaning twice per visit
often late / cancels not reachable.
+ Moderate budget * Not very tech-savvy aweek @ Max wait time: 10 mins
How the System Evolved Emergency Mode Activated

Ho he Worki
1st Search 2nd Search 3rd Search low the System Worked

(No History) (Learning) (Personalized) L
-@- 00 Preferences s .
Q R @@ > @/ — — — P .O ) Provided Find Best Match  Consistent Experience  Smart Suggestions
000 ° Selected Filtered providers Prioritized Showed 3 electricians o A=0 =
D * Emergency within 3 km emergency who can arrive oS re > ﬁ
an - Mode radius available pros within 45 mins v— °

Showed 5 tutors Learned preference for  Recommended idel tutor:
besed on similar local language tutors . 15 mins away
arents aare O WO User Foedback Userfiledall  Systemfounda  Booked same provider  Provider shown at
o Noticed interestin  + Moderate foe ﬂ Electrician arrived in 30 minutes pons i) b ol Nl b iy
5‘“""7;"‘,"';"‘9 * Excellent ratings + Diagnosed faulty main switch * h ok k ok during registration  all preferences without any issues  often before search
valel * Saturday morning exactly is completed
R::okod:l: e o + Fixed wiring issue eron) ode et
e + Cost: Slightly higher than usual i
(Communication issue) Booked and gave bl = s"‘gh'm“ S
eature.”
Rating: J % % % %
Outcome Outcome Outcome
Saved ~3 hours of calling and comparing tutors manually. ° Problem solved quickly during a stressful situstion. Reliable, consistent service with no need to repeat search.
Found the right tutor who meets all her needs. Syutem daliversd the right help at the right time: Preferences strictly respected every time.
Key Insight Key Insight Key Insight
System learns from past interactions and adjusts ituati jon through mode System strictly enforces explicit preferences and simplifies
recommendations over time. changes recommendation strategy temporarily. repeated searches with intelligent suggestions.

/ Overall Insight:  Personalization works differently for different people. Learning from behavior, adapting to situati and ing explicit
o p are all ial. A ize-fits-all dation system cannot satisfy everyone—only a personalized system can.

Fig 3. Real World Case Examples Showing Different Personalization Scenarios

IV. CHALLENGES AND LIMITATIONS
Despite the favorable results shown in the case studies, our testing revealed several notable challenges and restrictions.
Each of these requires honest discussion.

4.1 Information Quality Problems

The machine learning models we built depend entirely on the quality of the information fed into them. In our testing, we
encountered multiple information quality problems. Some participants gave inconsistent ratings, rating the same
professional five stars one week and three stars the next week for similar quality work. Some participants forgot to rate
professionals altogether, leaving gaps in the training information. Some professionals changed their pricing or service
areas without updating their profiles, causing the framework to show incorrect information to participants. Cleaning this
noisy information required manual work and rule based heuristics, which is not sustainable when the framework grows

to thousands of participants.
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4.2 Initial State for New Participants and Professionals

A new participant joining the framework with no past behavior receives generic recommendations based on area
grouping. In our testing, new participants took an average of three to four searches before the tailoring started feeling
accurate to them. During these initial searches, some participants expressed frustration and said the framework did not
understand them. Similarly, new service professionals with no ratings or past bookings were rarely recommended by the
framework, creating a circular problem. New professionals cannot get work because they have no ratings, and they cannot
get ratings because they get no work opportunities.

4.3 False Feedback and Manipulation

Despite our efforts to detect unusual patterns, we found evidence of false feedback in our information. A few
professionals appeared to have created multiple fake participant accounts to give themselves five star ratings. The patterns
we observed included fake ratings coming from accounts that had no other activity, accounts that rated only one
professional, and accounts that used very similar language in written comments. Our unusual pattern detection system
caught some of these cases but not all of them. Determined attackers could still manipulate the framework successfully.
This is a fundamental challenge for any platform that relies on participant generated ratings and feedback.

4.4 Confidentiality Worries Expressed by Participants

Several participants in our testing expressed discomfort about how much the framework seemed to know about them.
One participant told our survey team, "It feels like the application is watching everything I do." Another participant
worried that the framework might share their preference information with service professionals in ways they had not
agreed to. Although we designed the framework with multiple confidentiality protections including storing preference
information locally on the participant's device whenever possible and using only neighborhood level location information,
the perception of monitoring remained for some participants. This teaches us that technical confidentiality protections
are not enough on their own. Clear communication about what information is collected and why, plus easy to use control
interfaces, are equally important.

4.5 Growth Limitations

Our current framework was tested with sixty participants and approximately one hundred fifty service professionals
across four service categories. This is a very small scale compared to any real world deployment, which would have
thousands or hundreds of thousands of participants. The matrix decomposition models we used do not grow in a straight
line. As the number of participants and professionals grows, the computational cost of refreshing preference vectors and
generating recommendations grows much faster. Our current implementation would become too slow to be usable beyond
a few thousand participants. A production ready framework would require distributed computing infrastructure, which
we did not have access to for this research.

4.6 Difficulty Managing Sudden Preference Shifts

People's preferences change over time, and sometimes they change suddenly. A participant who loses their job may
suddenly prioritize low cost above all other factors. A participant who moves to a different neighborhood may need
professionals in a completely new area. Our framework adjusts gradually through exponentially weighted moving
averages, which works well for slow changes but responds poorly to sudden shifts. In our testing, one participant switched
from preferring morning appointments to preferring evening appointments because of a job change. The framework took
almost two weeks to fully adjust to this change, and during that time the participant received many irrelevant morning
recommendations that they had to ignore.

V. FUTURE DIRECTIONS
Based on the challenges and restrictions identified above, several promising directions for future work emerge.
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5.1 Distributed Learning for Confidentiality Protection

Instead of sending all participant behavior information to a central server, future versions of the Smart Personalized
Recommendation Engine could use distributed learning. In this approach, the machine learning model travels to the
participant's device, trains on local information, and sends back only anonymous model updates. The raw behavioral
information never leaves the participant's device. This addresses confidentiality worries directly while still allowing the
framework to learn from collective participant behavior across many individuals. Implementing distributed learning for
recommendation systems is technically challenging because different participants have different information
distributions, but recent research has made meaningful progress in this area.

5.2 Adversarial Training Against False Feedback

To make the framework more resistant to false feedback and manipulation, future work should explore adversarial
training techniques. In adversarial training, the machine learning model is deliberately exposed to examples of false
feedback during its training phase. The model learns to recognize the statistical patterns of false feedback and
automatically gives them lower weight when making recommendations. This resembles how a human becomes better at
detecting lies after being exposed to many examples of deception. Adversarial training could be combined with graph
based unusual pattern detection that examines the network of which participants rated which professionals and looks for
unnatural patterns that humans would miss.

5.3 Spoken Natural Language Search

Many potential users of a local professional finder are not comfortable typing lengthy search questions on small phone
screens. Older adults, busy professionals, and people in urgent situations would benefit greatly from spoken search.
Future versions of the framework should accept natural language spoken inputs such as "find me a plumber who can
come within an hour and charges less than five hundred rupees." This requires integrating speech recognition and natural
language understanding components that can extract structured search parameters from spoken sentences. Supporting
multiple Indian languages would greatly expand the accessibility of the framework.

5.4 Neighborhood Validation Integration

Algorithmic recommendations can be strengthened by adding social validation from trusted neighborhood members. A
user could see that three neighbors in the same apartment building have successfully used a particular electrician. This
social proof provides a kind of reassurance that pure machine learning recommendations cannot offer on their own. Future
work should explore how to build neighborhood validation networks that are resistant to manipulation while still
respecting individual confidentiality. Blockchain or other tamper evident ledgers could be used to maintain validation
records that cannot be secretly altered by attackers.

5.5 Anticipatory Service Prediction

Beyond simply responding to user searches, future systems could predict when a user is likely to need a service based on
historical patterns. If a user books air conditioner service every April before the summer heat arrives, the framework
could send a reminder in late March with recommended professionals ready to book. If a user's regular teacher suddenly
becomes unavailable, the framework could proactively suggest alternatives before the user even starts searching. This
shifts the framework from a reactive search tool to a proactive service management assistant. Anticipatory models would
need to handle uncertainty carefully and avoid annoying users with irrelevant suggestions.

5.6 Blended Initial State Solutions
To solve the initial state problem for new users, future work should explore blended models that combine multiple sources
of initial information. Population statistics such as age range, neighborhood type, and family makeup could provide initial
preference estimates. Knowledge transfer from similar cities or similar neighborhoods could bootstrap recommendations
i
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using patterns observed elsewhere. Active learning strategies could ask new users a small number of carefully chosen
questions during registration to quickly narrow down their preferences instead of waiting for behavioral information to

build up naturally through repeated searches.
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Fig 4. Future Research Directions for Hyperlocal Service Recommendation Systems

VI. CONCLUSION
This paper presented a machine learning based approach to solving the everyday but genuinely frustrating problem of
finding reliable local service professionals. Unlike conventional directories and mobile applications that show identical
unsorted lists to every user, the proposed Smart Personalized Recommendation Engine for Hyperlocal Service Discovery
builds a unique understanding of each individual's preferences over time.
Our methodology combined matrix decomposition for preference modeling, gradient boosted trees for environmental
reordering, and K means grouping for initial state handling. Three detailed case studies from our real world testing
illustrated how the framework helped different users with completely different needs. A working guardian found a
weekend teacher who matched her budget and timing requirements. An older resident received urgent electrical help
within thirty minutes when his regular electrician was unavailable. A young employee secured regular home cleaning
services with a professional who respected her explicit preferences strictly.
Numerical results from sixty users over eight weeks showed that tailored recommendations reduced service search time
by sixty three percent compared to non tailored distance based sorting. User happiness scores averaged 4.2 out of 5 for
tailored recommendations compared to 3.1 for non tailored recommendations. These numbers confirm that tailoring
delivers real practical value.
Nevertheless, several major obstacles must still be overcome before this technology can be deployed on a large scale.
Information quality problems including inconsistent ratings and missing feedback reduce model performance. Initial state
for new users and new professionals remains unresolved. Growth limitations in our current implementation would prevent
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expansion beyond a few thousand users. The framework also struggles with sudden changes in user preferences, adjusting
too slowly to abrupt shifts.
Future work will explore distributed learning for stronger confidentiality guarantees, adversarial training for false
feedback resistance, spoken search for easier accessibility, neighborhood validation integration for added trust,

anticipatory service prediction for proactive assistance, and blended initial state solutions for new user onboarding.

The broader vision is to transform local professional discovery from a frustrating guessing exercise into a dependable,
tailored, and trustworthy experience that benefits both sides of the marketplace. Service seekers save time and obtain
higher quality work in return. Honest local professionals gain visibility and fair opportunities without having to pay for
costly advertising. Our proposed framework brings us noticeably closer to achieving that transformed model of service

discovery.

=<,

CONCLUSION

This paper presented a machine learning based approach to solving the everyday but genuinely frustrating
problem of finding reliable local service providers through personalized recommendations.
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is intelligent, user-centric, and trustworthy—creating value for users and empowering honest local providers.

Fig 5. Summary of Key Contributions and Findings

REFERENCES
[1] A. Verma and P. Sinha, "Modeling user preferences for neighborhood service platforms in developing
economies," International Journal of Digital Service Innovation, vol. 11, no. 3, pp. 45-62, 2023.
[2] P. G. Wankhede, S. V. Belsare, and A. R. Deshmukh, "Overcoming initial user challenges in collaborative
recommendation systems for neighborhood professional discovery," Indian Journal of Computing and
Information Technology, vol. 7, no. 2, pp. 88-105, 2021.
[3] M. S. Jadhav, R. K. Chavan, and N. P. More, "Detection of manipulated customer feedback in local service
platforms through anomaly detection techniques," International Journal of Digital Trust and Security, vol. 5, no.
1, pp. 42-59, 2023.
[4] K. V. Nimbalkar, S. H. Pawar, and A. L. Salunkhe, "Dynamic contextual ranking algorithms for real time
professional service matching using bandit approaches," Journal of Artificial Intelligence Research and
Applications, vol. 12, no. 3, pp. 301-320, 2022.

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-35426 200

< 2581-0429 |t

i E

f\ 1JARSCT /3




O3
%
IJARSCT

ISSN: 2581-9429

Copyright to IJARSCT
WwWw.

IJARSCT

International Journal of Advanced Research in Science, Communication and Technology \

International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

Volume 6, Issue 7, May 2026 Impact Factor: 8.2

[5] P. Deshmukh, R. Kulkarni, and S. Mehta, "Decentralized privacy preserving recommendation architectures
for local service markets," International Journal of Privacy Enhancing Technologies, vol. 7, no. 1, pp. 67-85,
2023.

[6] D. S. Khot, P. R. Shinde, and V. T. Lokhande, "Ensemble learning with gradient boosted decision trees for
ranking professionals in two sided local marketplaces," Proceedings of the National Conference on Applied
Machine Learning and Smart Systems, pp. 112-127, 2022.

[71 S. M. Gaikwad, R. B. Kshirsagar, and P. D. Ingle, "Grouping users by behavioral patterns for improved
personalization in local service discovery platforms," International Journal of Human Centric Computing and
Systems, vol. 9, no. 4, pp. 245-262, 2022.

[8] N. R. Bhosale, A. S. Kamble, and S. S. Jagtap, "Transfer learning strategies for adapting service
recommendation models across multiple Indian urban regions," Journal of Computational Intelligence and Smart
Services, vol. 6, no. 2, pp. 78-97, 2023.

[9] V. P. Giri, S. A. Raut, and M. V. Khandare, "Evaluation metrics for assessing recommendation accuracy and
user happiness in hyperlocal professional discovery platforms," Indian Journal of Emerging Technologies and
Computing, vol. 4, no. 1, pp. 33-50, 2022.

[10] S. T. Bhandarkar, A. D. Wagh, and P. N. Choudhari, "Performance bottlenecks and scalability limitations
in real time recommendation systems for large scale local service discovery," Journal of Big Data Analytics and
Distributed Processing, vol. 8, no. 3, pp. 177-196, 2023.

DOI: 10.48175/IJARSCT-35426 201

/7 1ssN )
¢ 2581-9429 |2
G\ IJARSCT /3

i E

ijarsct.co.in




