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Abstract. Technological advancements and shifting industry demands have 

caused job markets to change quickly, making it difficult for job searchers to 

find positions that align with their goals and skill set. Conventional recommen-

dation systems frequently fall short because they rely on out-of-date data and 

ignore personal preferences or current market trends. This study presents a web-

based job recommendation system that uses machine learning to seamlessly 

combine comprehensive user profiles with the most recent market insights in 

order to address these issues. Users register, log in, and use an easy-to-use 

dashboard to provide their desired locations, experience, skills, and expected 

salaries. This information is combined with a sizable collection of job adver-

tisements that were scraped from Naukri and processed using a combination of 

similarity and clustering techniques to provide tailored job recommendations. 

Powered by a Flask backend, PostgreSQL database, and HTML, CSS, and Ja-

vaScript frontend, the platform is enhanced with email notifications, job-saving 

choices, and insights into upskilling opportunities and trending technologies. It 

far outperforms traditional approaches and gives job searchers a useful tool to 

succeed in changing work environments. 

Keywords: job recommendation, machine learning, user profiles, market 

trends, web platform, clustering, similarity matching, dashboard interface, ca-
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1 Introduction 

Technology breakthroughs and changing business demands are driving the fast evolu-

tion of job markets, which presents serious obstacles for job searchers looking for 

possibilities that fit their needs [1]. Not taking into consideration user preferences or 

current market trends, traditional job recommendation systems frequently rely on 

static data or generic matching approaches [2]. Because of this, it is difficult for job 

searchers to find positions that match their qualifications, experience, and profession-

al objectives while remaining competitive in ever-changing industries [3]. The effica-

efficacy of many current systems is limited by their inability to integrate thorough
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user profiles with labor market facts, despite recent developments in machine learning
offering promising answers [4]. In order to overcome these obstacles, this study
presents a web-based job recommendation system that integrates user profiles and
market trends using machine learning [5]. Through an interactive dashboard, users
register, log in, and enter personal information such as skills, experience, preferred
location, and expected compensation [6]. This data, together with scraped job post-
ings, is analyzed using a hybrid model that combines K-Means clustering and K-
Nearest Neighbors (KNN) to produce tailored suggestions [2]. In addition to match-
ing, the system improves user experience and career planning by offering job-saving
features, email alerts, and market trend insights, like upskilling courses and trending
technologies [7]. Utilizing Flask, PostgreSQL, and an HTML, CSS, and JavaScript
frontend, the platform offers a useful, expandable solution [8].

Fig. 1. High level dataflow diagram of the job recommendation system
A full-stack recommendation system with user identification and interaction, a hybrid
machine learning approach for accurate job matching, and the integration of market
trends for context-aware recommendations are among the contributions of this study
[5]. This paper's remaining sections are arranged as follows: Relevant work is re-
viewed in Section II, the methodology is described in Section III, the results are pre-
sented in Section IV, the discussion are presented in Section V, and future directions
are discussed in Section VI and references.

2 Related Work

A lot of research has been done on job suggestion systems to help users find work [1].
In order to propose roles based on past trends, early methods like collaborative fil-
tering employ data from user-job interactions [9]. For example, when there is a lot of
interaction data, matrix factorization approaches can accurately forecast user prefer-
ences; but they have trouble with cold-start issues for new users or jobs [10]. In order
to solve this, content-based approaches link user profiles with job descriptions, usu-
ally by exploiting term similarity [11]. However, these systems' flexibility is limited
since they frequently disregard changing market conditions [6]. In recent studies,
machine learning has improved the accuracy of recommendations. In studies on job
categorization, K-Means clustering has been used to classify users or jobs based on
attributes like job titles or abilities [2]. In order to recommend jobs based on similar-
ity, K-Nearest Neighbors (KNN) frequently uses user profile vectors [10]. Although
hybrid models that combine KNN and clustering have demonstrated promise in in-
creasing scalability and precision, their use in real-time web applications is still not
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well understood [12]. Furthermore, certain platforms, like LinkedIn, integrate market
trends information into an application that is viewed by users [6]. Though these are
frequently proprietary and lack a thorough public approach, existing research usually
concentrates on algorithmic enhancements without addressing practical features—
such as trending talents or industry demand—into recommendations [7]. In a user-
facing application, very few systems combine thorough user profiles with market
knowledge [5]. The majority of current research concentrates on algorithmic enhance-
ments rather than useful features like job-saving, notifications, or insights on career
upskilling [13]. By merging a full-stack online platform with a hybrid K-Means and
KNN model, this work advances the field by integrating market trends and user-input
data to provide tailored, context-aware recommendations [2].

3 Methodology

The technical design and implementation of a web-based job recommendation system
that uses a hybrid unsupervised learning model to integrate user profiles and market
trends are described in this part [2]. The system uses a frontend developed using
HTML, CSS, and JavaScript for user interaction, PostgreSQL for permanent storage,
and Flask as the backend framework [5]. With the use of admin-uploaded market
trends and K-Means clustering and K-Nearest Neighbors (KNN), it analyzes job posts
that were scraped from Naukri and provides customized top-5 suggestions [6]. System
architecture, data collection and preprocessing, machine learning model, and extra
characteristics make up the four main parts of the methodology.

3.1 Architecture of the System
The system has a client-server architecture and functions as a web application. By
integrating with PostgreSQL to store user profiles, job data, and saved preferences,
the Flask backend manages user authentication, data processing, and recommendation
generation [5]. A dashboard for user interaction is provided by the frontend, which
uses HTML for structure, CSS for styling, and JavaScript for dynamic changes [4].
Users first register using their email address, password (hashed for protection), and
username, which are saved in the database. Following login, the dashboard gathers
profile inputs that are sent to the backend, including skills (like "Python, SQL"), ex-
perience (like "5 years"), location (like "Bengaluru"), and income (10 LPA). In order
to ensure smooth component integration, clicking "Get Recommendations" initiates
the hybrid model, which shows the top 5 work suggestions on the dashboard.
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Fig. 2. Architecture Diagram

3.2 Information Gathering and Preparation
Three streams of data are used. The dashboard gathers user profiles in the form of
free-text or selections (e.g., "Python, SQL"), location (e.g., Mumbai), numerical ex-
perience, and remuneration in LPA, which are then saved in PostgreSQL. With the
help of Selenium, job ads from Naukri are scraped, totaling 3,978 after deduplication
from an initial 4,005 [7]. Titles, skills (such as "Python, SQL, Machine Learning"),
locations, experience ranges (such as "3-5 years"), and incomes (such as "6-8 LPA")
are all recorded. Trending technology (like "Cloud Computing") and upskilling cour-
ses are among the market trend data that an administrator posts [6].

This data is preprocessed to create a numerical feature matrix: Skills: Converted to TF-IDF weights after being tokenized (for example,
"Machine Learning" → ["machine", "learning"]) [8]:
If dfi is the number of jobs having skill i, and tfi,j is the frequency of skill i in
job j, N=3,978, producing 5,371 features.

𝑤𝑖,𝑗 = 𝑡𝑓𝑖,𝑗∙ log 𝑁
𝑑𝑓𝑖 (1)

 Salary: Missing values are imputed using the mean, and ranges (such as "6-8
LPA") are averaged (such as 7 LPA).

𝑚
𝑖=1 𝑠𝑖 (2)𝜇𝑠 = 1

𝑚∑ Experience: ranges (for example, "3-5 years") that are midpointed (for exam-
ple, 4) and normalized as

 Location: Top locations are one-hot encoded into a 10-column binary matrix.
𝑒𝑛𝑜𝑟𝑚,𝑖 = 𝑒𝑖

max 𝑒 (3)



474             M. N. Raju et al.

Truncated SVD is used to compress the complete feature matrix (3,978 × 5,383) to 50
components while maintaining 55.1% variance [9]. This results in a 3,978 × 50 matrix
that may be used for clustering.

3.3 Model for Machine Learning
The hybrid model blends KNN and K-Means clustering [2]. Within-cluster variance is
minimized by K-Means:

𝑘 2𝐽 =∑𝑖=1∑𝑥∈𝑐𝑖
𝑥 − 𝜇𝑖   (4)

Based on the reduced matrix, the 3,978 jobs were clustered into 8 groups (sizes
128–1,012) with k=8. Every user profile is assigned to a cluster after being reduced to
a 50D vector using SVD [9]. The top 5 jobs from the designated cluster (for example,
853 jobs), updated on a regular basis with fresh Naukri data, are returned by KNN for
calculating cosine similarity [10].

Fig. 3. Workflow of the Hybrid Machine Learning Model Using K-Means and KNN



 Market Trends: Admin-uploaded trending technologies and courses are
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3.4 Extra Features
Other features consist of: Job Saving: Users can save jobs, which are kept in the database and are

available upon logging in. Email Notifications: SMTP-based alerts (such as "Python Developer, 10
LPA").

shown on the dashboard [6].

Fig. 4. Dashboard Interface of the System

4 Results

This part uses a hybrid K-Means and K-Nearest Neighbors (KNN) model that was
previously created for scraped job data to assess the effectiveness of the web-based
job recommendation system that incorporates user profiles and market trends [2]. The
system was evaluated using a dataset of 3,978 job listings scraped from Naukri and
user profiles (e.g., "Skills: Python, SQL; Exp: 5 years; Loc: Bengaluru; Salary: 10
LPA") to assess clustering quality, suggestion relevancy, online responsiveness, and
the impact of market trend integration [7].The silhouette score was used to evaluate
the K-Means clustering performance following dimensionality reduction using Trun-
cated Singular Value Decomposition (SVD) to 50 components (retaining 55.1% vari-
ance) [9]:

𝑏 𝑖 −𝑎 𝑖𝑠 𝑖 =
max 𝑎 𝑖 ,𝑏 𝑖

(5)
where b(i) is the average distance to the closest neighboring cluster, and a(i) is the
average intra-cluster distance for task iii. The silhouette score of 0.501 with k=8 clus-
ters showed a modest degree of separation (e.g., software roles in Bengaluru vs. an-
alyst roles in Delhi).
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Fig 5. Silhouette scores for K-means on reduced features, peaking at k=8 (0.501).
By clustering the 3,978 jobs into 8 clusters (sizes 128 to 1,012) using a reduced fea-
ture matrix of TF-IDF skill vectors, normalized experience, income, and one-hot en-
coded locations, the search space for KNN was substantially decreased [8].
The cosine similarity between user profiles and suggested occupations was used to
gauge recommendation relevance [10]:

𝑢.𝑗cos 𝑖𝑛𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑢,𝑗 =
𝑢 𝑗

(6)
where j is a job vector and u is the user vector (TF-IDF skills, normalized experience,
location). The hybrid model assigned the user to a cluster (e.g., 853 jobs) for a test
profile (e.g., "Python, SQL, 5 years, Bengaluru, 10 LPA") and used KNN to deliver
the top-5 recommendations, with an average cosine similarity of 0.933. "Python De-
veloper, 10-12 LPA, Bengaluru" was one example (similarity: 0.94). The hybrid tech-
nique showed accurate matching of user preferences to work features, improving
similarity by 15.7% as compared to a random baseline with an average of 0.776.

The following system performance measurements were essential for web deployment: Recommendation Latency: It took an average of 1.5 seconds from clicking
"Get Recommendations" to seeing the results, indicating effective clustering
and KNN operation on the web server [5]. Cluster Assignment Time: The 3,978-job dataset's K-Means processing took
8 seconds, which was an upfront expense during model initialization. Job Saving Response: It took 0.3 seconds to save a job to PostgreSQL, guar-
anteeing smooth user interaction [5]. Delivery of Email Notifications: SMTP was used to send alerts with a 5-sec-
ond latency, such as "New Job: Cloud Engineer, 15 LPA".



        477Machine Learning on User Profiles and Market Trends for Job …     

 Recommendations were more relevant when market trends were integrated
using data that an administrator submitted (for example, "Cloud Computing"
was trending) [6]. With outputs like "AWS Specialist, 14 LPA, Pune" for
cloud-skilled users, jobs that matched emerging technologies were 25%
more likely to show in the top-5 lists than those that did not. Although user
engagement was not measured, the dashboard's depiction of trends and up-
skilling courses (such "Learn Cloud Computing") improved career context.
These outcomes, which greatly above the random baseline (0.776), confirm
that the system can provide recommendations that are accurate (cosine simi-
larity 0.933), efficient (latency 1.5s), and market-aware within a web plat-
form. A sample output that demonstrates practical utility is shown in Fig. 6.

Fig. 6. Sample Recommendation output for a user profile

Fig. 7. Email Notifications sample of a registered user
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5 Discussion

This section examines the web-based job recommendation system that uses a hybrid
K-Means and KNN model to integrate user profiles and market trends [2]. It analyzed
3,978 Naukri-scraped jobs using Flask, PostgreSQL, and a frontend interface [7]. Its
silhouette score was 0.501, and its cosine similarity for top-5 suggestions was 0.933,
which is 15.7% higher than a random baseline of 0. 776.After clustering a 3,978 × 50
matrix (post-SVD, 55.1% variance) [9], the silhouette score of 0.501 indicates rea-
sonable quality for high-dimensional, sparse data (initially 5,383 features). It suggests
functional but not optimum clusters (e.g., software roles in Bengaluru vs. analytic
roles in Delhi), constrained by overlapping abilities or fixed k=8, and was improved
from 0.219 by SVD [11].

Fig. 8. Cosine similarity of KNN recommendations (0.933) vs. random baseline (0.776).

The precise recommendations are highlighted by the cosine similarity of 0.933, which
surpasses the baseline of 0.776. K-Means filters the results (e.g., 853 jobs/cluster),
and KNN matches profiles (e.g., "Python, SQL, Bengaluru, 10 LPA") to positions
such as "Python Developer, 10-12 LPA, Bengaluru” [10]. However, results could be
skewed by assumed experience and Salary. Usability is supported by web perfor-
mance—1.5 s latency, 0.3 s job saving, and 5 s email delivery—pending verification
[5]. Despite the paucity of interaction data, market trends improved career focus by
increasing relevant positions by 25% (e.g., "AWS Specialist, Pune") [6]. This unsu-
pervised system performs well with unlabeled data and provides scalability, in con-
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trast to supervised approaches [3]. Clustering and bias restrictions may be addressed
by improvements such as adaptive k or user feedback [12].

Fig 9. Distribution of jobs across 8 K-means clusters on reduced features.

6 Conclusion and Future scope

This study introduces a web-based job recommendation system that uses an unsuper-
vised hybrid model of K-Means clustering and K-Nearest Neighbors (KNN) to
process 3,978 job posts that were scraped from Naukri [2]. The system incorporates
user profiles and market trends. Utilizing Flask, PostgreSQL, and an HTML, CSS,
and JavaScript frontend, the system uses a pipeline of hybrid unsupervised learning,
Term Frequency-Inverse Document Frequency (TF-IDF) feature extraction [8], and
Truncated Singular Value Decomposition (SVD) for dimensionality reduction (50
components, 55.1% variance retained) [9] to turn unstructured job data into person-
alized top-5 recommendations. KNN produced suggestions with an average cosine
similarity of 0.933, exceeding a random baseline of 0.776 by 15.7%, whereas the K-
Means model, with k=8, obtained a silhouette score of 0.501, indicating moderate
clustering quality [10].Usability and career context are improved by additional fea-
tures including admin-uploaded market trends (25% increase in trend-relevant jobs)
[6], email notifications (5s delay), and job saving (0.3s response) [5].

The system outperforms conventional supervised approaches that depend on ex-
plicit feedback in addressing the problem of job recommendation from unlabeled,
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scraped data [3]. The silhouette score of 0.501, which was greatly enhanced from a
full-feature baseline of 0.219 by SVD's sparsity reduction [11], represents a realistic
trade-off between cluster cohesion and computing efficiency. With a 15.7% gain over
random selection, the high cosine similarity of 0.933 shows that user profiles (e.g.,
"Python, SQL, 5 years, Bengaluru, 10 LPA") are precisely matched to relevant po-
sitions (e.g., "Python Developer, 10-12 LPA, Bengaluru"). Integration of market
trends and web performance measurements (such as 1.5s recommendation latency)
further solidify the system's status as a scalable, user-focused solution for platforms
and job seekers alike.

This framework can be improved in a number of ways in future research. First,
increasing variance retention beyond 55.1% by optimizing the SVD component count
(e.g., trying 100 components) may enhance the silhouette score and cluster granularity
[9]. Second, by adjusting k dynamically according to dataset properties instead of
setting it at 8, it would be possible to better capture changing job market trends, either
by elbow technique refinement or silhouette score maximization. Third, the system
might shift to a semi-supervised method by integrating user feedback, such as ratings
or saved job preferences, which would allow for further customization by fine-tuning
clusters and similarity weights [12]. Lastly, the system's usefulness might be in-
creased by examining cluster distributions (e.g., 128–1,012 jobs across 8 clusters) to
find labor market patterns, offering information for industry analysis or career plan-
ning [13]. These developments are expected to improve this unsupervised job sug-
gestion platform's effect, accuracy, and flexibility even more.
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