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use of device learning techniques. The venture is split into two primary
additives: Classification Model: This model classifies internet offerings into

satisfactory categories—Bronze, Silver, Gold, and Platinum—based on key

Quality of Service attributes like response time, availability, reliability, and

Publication Issue : throughput. The version is built the usage of numerous gadgets studying
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algorithms, inclusive of Decision Trees, Support Vector Machines, Logistic
Regression, K-Nearest Neighbors, Naive Bayes, Random Forest, Multi-

Layer Perceptrons, and XGBoost. Additionally, Explainable Al is hired to
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offer transparency and interpretability within the category selections,
allowing users to apprehend why a web service falls into a particular
satisfactory class. Recommendation Model: Using the K-Nearest Neighbors
set of rules, this version recommends the top 10 most applicable web
services primarily based on consumer-inputted QoS attributes. It computes
the similarity among the enter statistics and present internet services to
provide tailor-made tips. The system's person-pleasant interface lets in
customers to add internet provider facts, view type consequences, and
receive customized hints. The challenge provides an efficient and scalable
answer for choosing awesome net services, permitting users to make
information-driven choices based totally on performance metrics. With its
twin approach—type and advice—this machine improves selection-
making, complements user revel in, and supports organizations in
optimizing service choice.
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INTRODUCTION

In nowadays virtual panorama, choosing the most
suitable internet service for a specific requirement is a
complex venture because of the sizeable variety of
like

keyword matching or primary filtering often fall

available options. Traditional techniques
brief, especially while comparing services across
diverse first-class metrics together with response
time, availability, throughput, and reliability. This
“Web

Recommendation,” tackles this task via combining

task, Service Classification and

system studying-based totally class with a
recommendation system.

Objective Of Project:

The goal of this undertaking is to increase a clever
machine that classifies web offerings into great classes
(Bronze, Silver, Gold, Platinum) the usage of gadget
learning algorithms and Explainable AI (LIME). The
system additionally recommends applicable services
primarily based on key overall performance metrics,
aiming to enhance carrier choice and decision-
making accuracy.

Problem Statement:

With rising web services, selecting the best based on
quality metrics like response time and reliability is
This

personalized recommendations,

complex. project  offers  classification,
and transparency
using Explainable Al

Motivation:

With growing internet services, customers warfare to
locate the proper one. This venture uses gadget
mastering and Explainable Al to classify offerings and
provide personalized, obvious suggestions for better
choice-making.

Scope:

This challenge ambitions to classify and advocate net
offerings the usage of performance metrics, gadget
learning, and Explainable AI, ensuring accurate
provider choice thru scalable, obvious models across

diverse enterprise applications.

LITERATURE REVIEW

[1] Web provider category is a vital task for
organizing and rating offerings primarily based on
their first-rate and performance attributes. Several
tactics have been proposed, which include rule-based
totally class systems and system learning strategies.
Some conventional systems rely upon simple
threshold-based totally regulations for categorizing
offerings, along with classifying services based on
predefined performance benchmarks like reaction
time or uptime. However, those structures often fail
to provide personalised and dynamic classifications,
main to suboptimal decision-making.

[2] Recommendation structures were broadly used
throughout various domain names to indicate
applicable objects based on person choices. In the
context of web offerings, advice structures leverage
performance metrics consisting of response time,
availability, throughput, and reliability to signify the
quality services to customers.

[3] Machine gaining knowledge of strategies, together
with K-Nearest Neighbors, Random Forest, Naive
Bayes, and XGBoost, have tested to be powerful in
both category and advice tasks. These fashions are
mainly useful in managing large datasets with more
than one first-rate attribute, as they can adapt to
various sorts of input and output codecs.

[4] Explainable Al has won significant significance in
current years, specifically for programs that require
transparency and interpretability. LIME (Local
Interpretable Model-agnostic Explanations) is one of
the most distinguished XAI strategies used to explain
machine getting to know version predictions. In the
context of web provider category, LIME allows to
offer insights into why a particular provider become
categorized into a specific exceptional class, along
with Bronze, Silver, Gold, or Platinum. The use of
LIME in provider classification fashions enhances
user agree with inside the device with the aid of
imparting obvious motives for the predictions. Several

research have carried out LIME to category

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com | Vol 12 | Issue 3



Gundluru Hareesh et al Int J Sci Res Sci Eng Technol, May-June-2025, 12 (3) : 351-358

responsibilities in  various domain  names,

the

interpretability of complicated fashions like Random

demonstrating its capability to enhance
Forest and XGBoost.
[5] The

recommendation or category system relies upon in

effectiveness of an internet service
large part on the quality metrics used to assess
offerings. Web services are regularly evaluated based
totally on key Quality of Service (QoS) attributes,
consisting of response time, availability, throughput,
reliability, and fulfillment fee. Several studies have
focused on defining and amassing relevant QoS
metrics that may offer a correct representation of
carrier overall performance. Response time, for
example, is an essential metric for comparing the
responsiveness of net services, while availability and
the

consistency. Some researchers have explored how to

reliability indicate carrier's uptime and
dynamically replace these metrics in real-time to

mirror converting carrier conditions. Recent
advancements have caused the improvement of
frameworks that permit for the efficient series and
analysis of QoS information, enhancing the reliability
of net service classification and recommendation
systems.

EXISTING METHOD

Traditional web carrier selection systems rely on
fundamental filtering strategies, keyword matching,
or rule-based guidelines. These strategies use a
constrained range of predefined criteria, consisting of
reaction time or availability, to rank net offerings.
And

recommendation there is no combined device.

additionally, this for classification and

METHODOLOGY

The proposed system integrates two key components:
a classification model and a recommendation model,
both powered by advanced machine learning
algorithms. The classification model uses algorithms
such as Decision Trees, Support Vector Machines, K-

Nearest Neighbors, Random Forest, XGBoost, and

others to classify web services into quality categories
like Gold,

categories are based on a comprehensive set of quality

Bronze, Silver, and Platinum. These
availability,
The

recommendation model uses KNN to recommend the

attributes, including response time,

reliability, throughput, and  more.
top 10 most relevant web services based on user-
provided input data. To ensure transparency, the
classification model is augmented with Explainable
Al, enabling users to understand why a service was

classified into a certain category.

‘ WEB SERVICE RECOMMENDATION ‘

Register
Data collection 9

« User registration

« Data sources « Account creation

« Data profiling

l =

Data preparation

» User authentication
« Data cleaning + Session initiation

« Data preprocessing

« Label encoding l
l Input data
Model building « Input web service data
= Data validation
« Algorithms
o Classification: Decision tree,
SVM, Logistic regression, KNN,
GNB, Random Forest, MLP,
and XGBoost and Explainable Al (LIME)
o Recommendation: KNN Get prediction
+ Training
« Cl n: predict catgory
+ Recommendation: Get top 10 relevant URLs
Deployment l
Logout
» Create web application
« Session termination
+ Redirect to home
Fig: Flow

In today’s digital panorama, choosing the most
suitable web carrier for a selected requirement is a
complex task due to the sizable number of available
like

matching or fundamental filtering often fall brief, in

alternatives. Traditional strategies keyword

particular when comparing offerings across diverse

first-rate metrics along with response time,
availability, throughput, and reliability. This
assignment, “Web Service Classification and

Recommendation,” tackles this mission by combining
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machine studying-primarily based category with an
advice system.

The middle goal is to classify net offerings into 4 best
tiers—Bronze, Silver, Gold, and Platinum—the usage
of overall performance metrics. Classification
algorithms inclusive of Decision Trees, Support
Vector Machines (SVM), and Logistic Regression are
applied to institution offerings based totally on best
signs. This categorization offers users with a clean
expertise of provider reliability and performance.

To enhance usability, a advice engine primarily based
at the K-Nearest Neighbors set of rules shows the
pinnacle 10 services that align carefully with person-
described wishes. For more transparency, Explainable
Al techniques like LIME are incorporated, permitting
users to understand why a provider become located in
a positive category.

Designed to address massive-scale, dynamic datasets,
the device is scalable, adaptable, and relevant across
domain names like e-commerce, banking, and cloud
computing, enhancing both user decision-making and

carrier first-class choice.

Database
Invalid Credentials

Valid Credentials
Credentials

« Data collection
« Data preprocess
« Model building with Decision
tree,
SVM, Logistic regression, KNN,
GNB, Random Forest, MLP,
and XGBoost
« Getinput data
« Model prediction

Result (Classifications)

1. Classification:

System 1. Silver

<> 2.Bronze

User 3. Gold
4. Platinum

2. Recommendation: Get top 10 relevant URLS

« Input web service
data

+ Getresult

+ Logout

Fig: Architecture

Step 1: Data Collection: The first step includes
amassing a dataset that carries great metrics of diverse
net offerings. These metrics consist of important
features which include Response Time, Availability,
Throughput, Success ability, Reliability, Compliance,
Best Practices, Latency, and Documentation. This
statistic gives the muse for education the advice

version.

Step 2: Data Pre-processing: To make sure that the K-
Nearest Neighbors model can examine these metrics
uniformly, the code applies a Min Max Scaler to
normalize the feature values. This scales all values to a
0-1 variety, stopping functions with larger degrees
the

Preprocessing steps consist of:

from dominating distance  calculations.

e Selecting relevant functions from the dataset.

e Applying normalization to standardize the
statistics.

Step 3: Model Training: The recommendation model

is educated the usage of the K-Nearest Neighbors set

of rules, applied with Nearest Neighbors from the
sklearn Buddies module. The key steps in model
training include:

e Initializing the KNN version with neighbors=10
to retrieve the ten maximum comparable services
for any given enter.

e Using the in-shape method to educate the
version on the pre-processed dataset, where it
learns the patterns in the provider metrics.

Step 4: Model Saving: The educated version and the

Min Max Scaler are stored the use of the joblib

library. This step guarantees that the model may be

reloaded for destiny predictions without retraining,
enhancing efficiency for real-time or batch
predictions. Specifically:

e The model is saved as knn_recommender_model.
Joblib.

o  The scaler is saved as scaler. Joblib.

Step 5: Model Prediction: The code includes a

suggestions characteristic to generate predictions for

user inputs. When a person offers enter statistics

(e.G., preferred great metrics), the method entails:

e Scaling the enter records the use of the stored
Min Max Scaler to align it with the education
records’ scale.

e Passing the scaled enter to the KNN model’s
neighbors’ approach to become aware of the 10
nearest net offerings based totally at the

similarity in pleasant metrics.
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e Retrieving the endorsed net services’ URLs using
the indices back through the neighbors’ method.
Step 6: Displaying Results: The system shows the
pinnacle 10 maximum applicable net provider URLs
to the person. This enables customers to view and
select from a listing of suggestions that first-class
healthy their enter criteria based at the KNN version’s
similarity calculations. This methodology permits the
recommendation machine to provide real-time,
personalised tips based totally on great metrics,
helping customers select ultimate internet offerings
tailor-made to their requirements.
K-Nearest Neighbors:
The K-Nearest Neighbors set of rules is a simple but
effective approach for recommendation structures. It
works through finding the "K" maximum comparable
items to a given question item primarily based on a
hard and fast of functions. First, the facts are pre-
processed, typically through normalization, to make
sure consistent scaling of features. Then, the KNN
version calculates the gap (often Euclidean) among
the query and each object within the dataset. The K
nearest gadgets is recognized because the maximum
similar. In a recommendation device, those nearest
acquaintances represent the recommended items,
offering users with options that closely align with
their possibilities or requirements.
Decision Tree:
Decision Trees are extensively used machine
mastering algorithms recognised for his or her
simplicity and interpretability. They classify data by
using recursively splitting it into subsets primarily
based on the most widespread functions, making
choices at every node. In this task, Decision Trees are
applied to categorize internet offerings into four first-
rate levels: Bronze, Silver, Gold, and Platinum. The
class system starts by selecting the function that offers
the highest facts advantage or the biggest reduction in
Gini impurity. This selected feature is used to cut up
the dataset into branches, every representing a
probable The maintains

outcome. procedure

recursively, forming a tree shape wherein every leaf
node represents a final category label.

In Python, accuracy is a common metric used to
evaluate the performance of classification models in
machine learning. It represents the proportion of
correctly predicted labels compared to the total
number of predictions made. Accuracy gives a quick
and straightforward understanding of how well a
model is performing. It is especially useful when the
dataset is balanced, meaning the classes have an equal
or similar number of samples. However, in cases of
imbalanced datasets, accuracy alone might be
misleading, as it can be high even if the model fails to

predict the minority class correctly.

RESULTS
HOME PAGE: The Home page serves as the landing

page of your application.

wm SERVICE CLASSIFICATION & RECOMMENDATION

WELCOME!

ABOUT PAGE: The About Page offers detailed

information about the project.

'WEB SERVICE CLASSIFICATION & RECOMMENDATION

ity in the clas:
M

Using the K-Ne:

results, and receive personalized recommendations. The project provides an efficient and scalable solution for select

web services, enabling users to make data-driven decisions based on performance metrics. With its dual approac}

and recommendation—this system improves decision-making, enhances user experience, and supports businesses in optimizing
service selection..

“Empowering Choices with Precision: Discover the Best Web Services, Tailored Just for You!"

REGISTRATION: The Registration Page allows new
users to create an account with the application. It
typically fields for

information such as name, email, password.

includes entering personal
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.w:nsznwc:a.nssurmnou&nscomummnon Home  About Regster Login [ié8) e servicE RECOMMENDATION

REGISTER

REGISTER

LOGIN PAGE: The Login Page enables users to access Result PAGE: In here result will be display which is

their existing accounts by entering their credentials. predicted by our trained model.

Recommended Web Address

It usually includes fields for entering a

Respanes
v Distances oS sty Toroush

username/email and password.

wmsckwczmsmcmon&kzconmmmnou

Recommended Web Address

Re Best
esponse. 3! Latency Documentation
ime

Availability Throughput ~Successability Relisbility Compliance
y ighput  Successability Relisbilty Compliance "/

a1 410 o7 431 ] 7 100 84 10

HOME PAGE: After user successfully login this page
will be appear.

WEB SERVICE CLASSIFICATION & RECOMMENDATION

Welcome to
WEB SERVICE CLASSIFICATION & RECOMMENDATION

“"Empowering Choices with Precision: Discover the Be: Tailored Just for You!"

Prediction PAGE: The Prediction Page allows users to

input data and receive predictions based on the
trained machine learning models. This page typically
includes a form or interface for uploading or entering

data
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different models build from the

algorithms

Input Output Result
Input Tested for different model given by Success
user on the different model.
Model Tested for different input given by the | Success
user on different models are created
using the different algorithms and
data.
Prediction Prediction will be performed using the | Success

Test cases Model building:

SN0 | Test cases o Expected O/T | Actual 0T [ PF
1 Fead the Datazat's Datasats need | Datasats Tt producad
datazats pati to read fetched P If this not

mccessfully, | successfully. | Fowill coms

2 Eegistration Walid Werify that the | User iz It produced
TZETTLETS, registration mcoessfilly | P If thix iz
amail, formn accept: | regiterad, nat, it will
pazzwvard. valid nzer and an underzo F.
imprts and account is

snocessfilly created

creates a new
acoount.

3 Lagin Walid Werify that Tzer is It produced
USETTLATE users canlog | successfully | P ISthis iz
and inwithwvalid | logged in nat, it will
pazzword credentials and underge F.

redirected 1o
the
dazhboard

4 Clazzification Input Web | Cufput as Crtput as It producad
zervice deta | category fom | given amy DL Ifthis i
zilver, gold, one of these | nat, it will

categories undergo F

platinum,

bronza

5 Feconmendation | Inpat Web | Cogut as top | Outpat as It producad
zervice data | 10 relevant tap 10 P Ifthis iz
weh addresz relevant web | not, it will

addrasz underza F

CONCLUSION

In conclusion, this challenge addresses the growing
complexity of selecting net offerings by using offering
a statistics-pushed, scalable, and user-pleasant
solution. It has big packages across diverse industries,
together with e-trade, cloud computing, and on-line
platforms, where green and reliable service selection
is critical for making sure seamless operations and
more desirable person experiences. The mission lays
the inspiration for future improvements, together

with integrating collaborative filtering, real-time
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service excellent updates, and multi-language support,

to in addition extend its skills and person attain.
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