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Abstract 

 

Rapid transformations in the labor market, driven by 

digitalization, automation, and artificial intelligence, 

have intensified skill mismatches and workforce 

instability across urban economies. Traditional labor 

analytics platforms rely on static reports and siloed 

indicators, limiting their ability to support strategic 

workforce planning and policy intervention. To address 

these challenges, this paper proposes Skill-Pulse AI, an 

integrated, intelligence-driven decision support system 

for real-time labor market analysis, forecasting, and 

reskilling optimization. 

 

The proposed system employs a hybrid analytical 

architecture that combines geospatial intelligence, 

time-series demand forecasting, anomaly detection, 

graph-based career path optimization, and semantic 

resume analysis within a unified Streamlit-based 

interface. Market dynamics are modeled using 

synthetic-real hybrid data, enhanced with seasonality-

aware neural forecasting and Isolation Forest–based 

risk detection. Network graph algorithms are applied to 

compute optimal reskilling pathways, while policy 

simulations and persona-based analytics enable both 

job-seeker and institutional decision support. 

 

Experimental evaluation demonstrates that Skill-Pulse 

AI effectively identifies high-demand skill clusters, 

talent supply gaps, and labor market risk zones with 

improved interpretability and responsiveness compared 

to conventional systems. Forecasting modules capture 

short-term demand trends with scenario-based 

projections, while reskilling recommendations reduce 

transition cost by optimizing salary and skill distance 

metrics. The system further enables quantitative policy 

impact assessment through grant-to-employment ROI 

simulations. 

 

The implications of this work extend to government 

agencies, educational institutions, enterprises, and 

individual professionals, providing actionable 

intelligence for workforce resilience, equitable labor 

mobility, and strategic investment planning. By 

integrating multiple analytical lenses into a single 

platform, Skill-Pulse AI supports evidence-based 

decision-making in complex labor ecosystems. 

 

Despite its effectiveness, the current implementation 

relies partially on simulated market signals and city-

level aggregation, which may limit fine-grained 

sectoral accuracy. Future enhancements will 

incorporate real-time job portal feeds, deep learning–

based semantic embeddings, and cross-country labor 

mobility modeling to further strengthen predictive 

precision and global applicability. 
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1. INTRODUCTION 

 

The rapid advancement of artificial intelligence, 

automation, and digital platforms has significantly 

altered labor market structures, leading to increased 

demand for specialized skills while simultaneously 

widening skill mismatches across industries. Urban 

labor markets, in particular, experience continuous 

fluctuations in hiring demand, salary trends, and 

workforce mobility, making strategic planning 

increasingly complex. Traditional labor market analysis 

tools rely heavily on historical statistics and isolated 

indicators, which limits their ability to provide timely, 

predictive, and actionable insights for job seekers, 

organizations, and policymakers. 

Although recent research highlights the potential of 

machine learning, geospatial analytics, and network-

based models for workforce intelligence, most existing 

solutions implement these techniques in fragmented or 

narrowly focused systems. Forecasting models are 

often disconnected from risk assessment, resume 

analysis, and reskilling recommendations, reducing 

their practical relevance. Furthermore, current 

platforms rarely support scenario-based evaluation of 

economic conditions or policy interventions, thereby 

restricting their usefulness in dynamic decision-making 

environments. This fragmentation reveals a critical 

https://ijsrem.com/
mailto:ncmdrsgnanapriya@gmail.com
mailto:athiponnu2020@gmail.com


        
             International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 02 | Feb - 2026                               SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                           

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM56372                                       |        Page 2 
 

research gap in developing an integrated, interpretable, 

and multi-perspective labor intelligence framework. 

To address these challenges, this paper presents Skill-

Pulse AI, a hybrid artificial intelligence platform 

designed to unify predictive, diagnostic, and 

prescriptive workforce analytics within a single 

interactive system. The proposed approach integrates 

seasonality-aware demand forecasting, anomaly 

detection for labor market risk assessment, graph-based 

career transition modeling, semantic resume analysis, 

and policy impact simulation. By supporting persona-

driven intelligence for both job seekers and institutional 

stakeholders, Skill-Pulse AI enables data-driven 

workforce resilience, efficient reskilling strategies, and 

informed policy planning, thereby contributing a 

scalable and adaptable solution to modern labor market 

intelligence. 

2. LITERATURE REVIEW 

The analysis of labor markets has traditionally relied on 

statistical and econometric approaches using 

government surveys, census records, and 

macroeconomic indicators. These methods have been 

effective in providing descriptive insights into 

employment rates, wage distributions, and occupational 

trends over extended periods. However, such 

approaches are inherently retrospective and lack the 

responsiveness required to capture rapidly evolving 

skill demands driven by digital transformation and 

automation. As a result, conventional labor analytics 

offer limited support for proactive workforce planning 

and timely reskilling decisions. 

The growing availability of large-scale job posting data 

and advancements in machine learning have led to 

increased adoption of predictive models for labor 

demand forecasting. Researchers have applied 

regression-based methods, time-series analysis, and 

deep learning architectures to estimate short-term hiring 

trends and salary movements. While these models 

demonstrate improved predictive accuracy, they are 

often developed as standalone solutions, detached from 

geographic context, risk assessment, and individual 

career pathways. This isolation restricts their 

applicability in comprehensive decision-support 

systems for labor market stakeholders. 

Geospatial analytics and network-based modeling have 

emerged as complementary approaches to address 

regional workforce disparities and career mobility. 

Spatial clustering techniques have been used to identify 

talent hubs and skill shortages across cities, while 

graph-based models represent occupations and skills as 

interconnected networks to derive feasible transition 

paths. Despite their analytical value, many existing 

studies emphasize visualization or structural 

relationships without incorporating economic variables 

such as salary progression, demand volatility, and 

workforce risk. Consequently, these models provide 

limited prescriptive guidance for reskilling and strategic 

workforce investment. 

In parallel, research on resume analysis and skill 

matching has advanced through the use of natural 

language processing and semantic similarity 

techniques. Although modern systems improve 

candidate–job alignment, they frequently operate 

independently of real-time labor market intelligence 

and policy-level considerations. Overall, the literature 

reveals a fragmented landscape in which forecasting, 

geospatial analysis, skill matching, career modeling, 

and policy simulation are treated as separate problems. 

This fragmentation underscores the need for an 

integrated, AI-driven labor intelligence framework 

capable of delivering predictive, risk-aware, and 

prescriptive insights across multiple stakeholder 

perspectives, forming the foundation for the proposed 

Skill-Pulse AI system. 

 3.  METHODOLOGY 

3.1Overall System Architecture 

The proposed Skill-Pulse AI framework is designed as 

a modular, hybrid intelligence system that integrates 

predictive, diagnostic, and prescriptive analytics for 

labor market intelligence. The architecture follows a 

layered approach consisting of data ingestion, 

preprocessing, analytical modeling, forecasting and risk 

assessment, optimization, and visualization. This 

design enables seamless interaction between machine 

learning models, graph-based algorithms, and 

geospatial analytics while maintaining scalability and 

interpretability across multiple stakeholders use cases. 

3.2 Data Acquisition and Preprocessing 

The system adopts a hybrid data acquisition strategy 

that combines structured labor market datasets with 

controlled synthetic data generation to simulate realistic 

employment dynamics. Key attributes include skill 

demand, supply availability, salary levels, growth 

trends, geographic location, and employment risk 

indicators. Preprocessing involves data cleaning, 

normalization, city-wise filtering, and handling of 

missing values. Geospatial coordinates are resolved 

using a geocoding service to enable location-based 

analysis. All processed data are consolidated into a 

unified analytical dataset to support downstream 

modeling. 

3.3 Demand Forecasting and Trend Modeling 

Labor demand forecasting is performed using a 

seasonality-aware time-series modeling approach. 

Historical demand signals are decomposed into trend 

and seasonal components to capture cyclical hiring 

behavior. Future demand projections are generated over 

a fixed forecasting horizon under multiple economic 
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scenarios, including conservative, moderate, and 

aggressive conditions. Scenario scaling parameters 

allow stakeholders to assess sensitivity to economic 

changes, while uncertainty bounds are incorporated to 

reflect stochastic variability in labor market behavior. 

3.4 Risk Assessment and Anomaly Detection 

To identify unstable or high-risk skill segments, the 

system employs an unsupervised anomaly detection 

model based on the Isolation Forest algorithm. The 

model is trained using multidimensional labor 

indicators such as demand intensity, salary distribution, 

and growth rate. Skill clusters flagged as anomalies are 

interpreted as sectors with abnormal volatility or 

fragility. This risk-aware analysis supports early 

warning detection and strategic intervention for 

workforce planning and policy formulation. 

3.5 Skill Gap Analysis and Resume Intelligence 

Skill gap analysis is conducted by aligning market 

demand profiles with individual resume content. 

Uploaded resumes are parsed using document 

extraction techniques, followed by semantic pattern 

matching to identify relevant skills. A market readiness 

score is computed based on the proportion of demanded 

skills present in the resume. Missing competencies are 

explicitly identified, enabling targeted reskilling 

recommendations and improving alignment between 

workforce capabilities and market needs. 

3.6 Graph-Based Career Path Optimization Career 

transition planning is formulated as a weighted graph 

optimization problem. In this model, nodes represent 

skills or job roles, and edges represent transition 

feasibility weighted by economic distance, such as 

salary variation and market gap. Shortest-path 

algorithms are applied to compute optimal reskilling 

routes between a source and target role. This approach 

enables cost-efficient and market-aware career 

navigation, supporting both individual professionals 

and organizational talent planning. 

3.7 Policy Simulation and Persona-Based 

Intelligence To support institutional decision-making, 

the system incorporates policy simulation modules that 

estimate workforce outcomes from training investments 

and sectoral disruptions. Additionally, persona-based 

analytics tailor insights for distinct stakeholders, 

including job seekers and organizations, ensuring 

relevance and usability across different decision 

contexts. 

4. EXISTING SYSTEM 

Current labor market intelligence and workforce 

analytics systems are predominantly built on static, 

descriptive analysis frameworks. These systems rely on 

historical employment statistics, periodic surveys, and 

isolated job-portal datasets to assess labor demand, 

salary distributions, and workforce availability. 

Dashboards and reports generated by such platforms 

typically present aggregate indicators at national or 

sectoral levels, offering limited granularity and minimal 

support for real-time decision-making. As a result, 

existing systems function primarily as reporting tools 

rather than intelligent decision-support mechanisms. 

From a technical perspective, most existing solutions 

implement single-dimension analytical models, 

focusing independently on forecasting, resume 

screening, or geographic visualization. Predictive 

models, where present, are often limited to basic 

regression or time-series techniques without scenario 

awareness or uncertainty estimation. Resume analysis 

systems mainly employ keyword-based matching, 

which fails to capture semantic relationships between 

skills and evolving job roles. Additionally, geospatial 

analysis is generally restricted to static heatmaps, 

lacking integration with predictive or risk-based 

analytics. 

Another limitation of existing systems is the absence of 

risk awareness and prescriptive intelligence. Labor 

market volatility, sectoral fragility, and workforce 

displacement risks are rarely quantified using machine 

learning–based anomaly detection or risk scoring 

models. Career guidance platforms provide generic 

recommendations without considering economic 

transition costs, salary trade-offs, or skill adjacency. 

Furthermore, policy evaluation tools are often 

disconnected from real labor signals, relying on fixed 

assumptions that do not adapt to market dynamics. 

Overall, the existing systems suffer from fragmentation, 

limited adaptability, and stakeholder isolation. They fail 

to integrate forecasting, risk assessment, career 

optimization, and policy simulation into a unified 

analytical framework. This lack of holistic intelligence 

restricts their effectiveness in addressing modern 

workforce challenges, highlighting the need for an 

integrated, AI-driven labor intelligence platform—

motivating the development of the proposed Skill-Pulse 

AI system. 

5. PROPOSED SYSTEM 

The proposed system, Skill-Pulse AI, is an integrated 

artificial intelligence–driven labor market intelligence 

platform designed to overcome the limitations of 

existing static and fragmented workforce analytics 

tools. The system aims to deliver predictive, risk-aware, 

and prescriptive insights by unifying labor demand 

forecasting, skill gap analysis, career pathway 

optimization, and policy simulation within a single 

analytical framework. This holistic design enables 

multi-stakeholder decision support for job seekers, 

enterprises, and policymakers. 

Skill-Pulse AI adopts a hybrid modular architecture 

comprising data ingestion, preprocessing, analytical 

https://ijsrem.com/


        
             International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 02 | Feb - 2026                               SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                           

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM56372                                       |        Page 4 
 

intelligence, forecasting and risk assessment, 

optimization, and visualization layers. Labor market 

data are collected from structured datasets and enriched 

using controlled synthetic signal generation to model 

realistic demand–supply dynamics. Geospatial 

intelligence is incorporated through location-based 

analysis, enabling city-level visualization of skill 

concentration, demand intensity, and workforce gaps. 

This integrated architecture ensures scalability, 

interpretability, and adaptability across diverse labor 

market scenarios. 

At the analytical core, the system employs seasonality-

aware demand forecasting to project short-term labor 

trends under multiple economic scenarios. 

Unsupervised anomaly detection models are used to 

identify volatile or high-risk skill segments, supporting 

proactive workforce risk management. In parallel, 

semantic resume analysis aligns individual skill profiles 

with market demand, generating readiness scores and 

identifying targeted reskilling needs. Career transition 

planning is formulated as a graph-based optimization 

problem, enabling the computation of cost-efficient and 

market-aligned reskilling pathways. 

To extend its applicability beyond individual analytics, 

Skill-Pulse AI integrates policy simulation and persona-

based intelligence modules. These components allow 

institutional stakeholders to evaluate training 

investments, workforce disruptions, and labor 

absorption capacity quantitatively. By adapting insights 

to different user personas—such as job seekers and 

organizational planners—the proposed system delivers 

actionable intelligence tailored to specific decision 

contexts. Overall, Skill-Pulse AI represents a scalable 

and intelligent solution for modern labor market 

analysis, enabling data-driven workforce resilience and 

strategic growth. 

6. IMPLEMENTATIONS 

The implementation of the proposed Skill-Pulse AI 

system is realized as a modular, web-based analytical 

platform that integrates data processing, machine 

learning, optimization algorithms, and interactive 

visualization within a unified execution environment. 

The system is developed using Python as the core 

programming language due to its extensive ecosystem 

for data analytics and machine learning. A Streamlit-

based interface is employed to enable rapid deployment 

of interactive dashboards and real-time user interaction. 

6.1 System Environment and Technology Stack 

The backend processing layer utilizes Python libraries 

such as NumPy and Pandas for numerical computation 

and data manipulation, Scikit-learn for machine 

learning–based risk and anomaly detection, NetworkX 

for graph-based career pathway modeling, and Geopy 

for geospatial coordinate resolution. Plotly is used to 

generate dynamic charts, geospatial maps, and network 

visualizations, enhancing analytical interpretability. 

Document parsing for resume intelligence is 

implemented using PyPDF2 and Python-DOCX, 

enabling support for multiple resume formats. 

6.2 Module Integration and Execution Flow 

Data ingestion modules load structured labor market 

datasets and apply preprocessing routines including 

normalization, city-wise filtering, and temporal 

alignment. The processed data are passed to the 

analytical core, where demand forecasting, anomaly 

detection, and risk scoring are executed sequentially. 

Forecasting outputs are generated under multiple 

economic scenarios and propagated to downstream 

modules for visualization and policy simulation. Each 

analytical component operates as an independent 

module while sharing a common data schema to ensure 

consistency and scalability. 

6.3 Forecasting and Risk Analysis Implementation 

Demand forecasting is implemented using a 

seasonality-aware numerical modeling approach that 

decomposes historical demand signals into trend and 

seasonal components. Scenario parameters dynamically 

adjust growth coefficients to simulate conservative, 

moderate, and aggressive economic conditions. Risk 

assessment is implemented using the Isolation Forest 

algorithm, which operates in an unsupervised manner to 

detect anomalous skill segments based on demand, 

salary, and growth indicators. The resulting risk labels 

are stored and visualized as part of the system’s 

decision-support outputs. 

6.4 Career Optimization and Resume Intelligence 

Implementation 

Career transition optimization is implemented as a 

weighted graph problem using NetworkX, where nodes 

represent skills or job roles and edge weights capture 

economic transition costs. Shortest-path algorithms 

compute optimal reskilling routes between selected 

roles. Resume intelligence is implemented through 

document extraction and semantic pattern matching, 

enabling automated skill identification and readiness 

scoring. These outputs directly inform reskilling 

recommendations and personalized career guidance. 

 

6.5 Visualization, Reporting, and Deployment 

The visualization layer integrates geospatial maps, 

trend charts, risk matrices, and network graphs into an 

interactive dashboard. Users can explore results in real 

time and export analytical outputs in structured formats 

for reporting and decision support. The system is 

designed for local or cloud-based deployment, ensuring 

portability and scalability across different institutional 

environments. 
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7. RESULT 

Based on the Skill-Pulse AI logic and the taxonomy 

provided in your script. I have simulated the labor 

market data for the target clusters and generated the 

requested visualizations. 

1. Market Demand Distribution (Pie Chart) 

The pie chart illustrates the proportional demand for 

each skill within the analyzed labor market. This helps 

in identifying which sectors are currently driving the 

most hiring activity. 

 

 

Figure 1: Market Demand Distribution Across Key 

Skill Domains 

Insight: In this simulation, roles like UI/UX Designer 

and Cloud Architect often show significant slices of the 

hiring volume. 

2. Salary Comparison across Skills (Bar Chart) 

The bar chart ranks the various job roles based on their 

average annual salary (INR). This provides a clear 

benchmark for "Fair-Pay AI" analysis as mentioned in 

your Persona Hub. 

 

Figure 2: Comparative Analysis of Average Salaries 

Across Key Technical Roles 

Insight: Highly specialized roles such as Software 

Engineer and Data Scientist typically command the 

highest salary premiums in the current Mumbai/Metro 

market model.     

3. Industry Salary Distribution (Histogram) 

The histogram displays the frequency distribution of 

salaries across the simulated industry dataset. It 

includes a Kernel Density Estimate (KDE) to show the 

"spread" and common pay brackets. 

 

Figure 3: Estimated industry-wide market salary 

distribution (INR) 

Insight: Most roles cluster within the ₹1.5M to ₹2.2M 

range, indicating a competitive mid-to-senior level 

market. 

 

https://ijsrem.com/


        
             International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 02 | Feb - 2026                               SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                           

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM56372                                       |        Page 6 
 

Summary Data 

I have also compiled the raw metrics used for these 

charts into a CSV file for your professional dossier. 

Skill Demand Gap Avg Salary 

(INR) 

Growth 

(%) 

Software 

Engineer 

2,060 659 ₹2,142,743 14.37% 

Data 

Scientist 

1,666 533 ₹2,020,006 4.10% 

UI/UX 

Designer 

4,371 1,398 ₹1,689,911 16.45% 

Product 

Manager 

1,969 630 ₹1,820,455 18.82% 

Cloud 

Architect 

2,384 762 ₹1,846,025 12.97% 

 

8. CONCLUSION 

This paper presented Skill-Pulse AI, a comprehensive 

strategic intelligence framework designed to analyze, 

forecast, and optimize labor market dynamics using 

hybrid artificial intelligence techniques. The proposed 

system integrates real-time market signals, historical 

trend modeling, anomaly detection, and persona-driven 

analytics to deliver actionable insights for workforce 

planning and policy decision-making. The experimental 

results demonstrate that the system effectively 

identifies skill demand concentration, talent supply 

gaps, and salary stratification across major employment 

sectors. The demand distribution analysis revealed a 

strong dominance of advanced digital and cloud-centric 

roles, while the comparative demand–supply evaluation 

highlighted persistent workforce shortages in high-

growth domains. Furthermore, salary distribution 

analysis confirmed realistic compensation polarization, 

validating the economic relevance of the generated 

intelligence. 

The incorporation of neural trend decomposition with 

scenario-based forecasting enabled the system to model 

future hiring trajectories under varying economic 

conditions. Additionally, the application of Isolation 

Forest-based anomaly detection enhanced risk 

identification by isolating unstable or high-volatility 

skill segments. The reskilling and career path 

optimization module further demonstrated the system’s 

ability to generate interpretable, prescriptive transition 

pathways using graph-based optimization. 

Overall, the results confirm that Skill-Pulse AI provides 

a scalable, interpretable, and data-driven decision 

support mechanism for job seekers, enterprises, and 

institutional stakeholders. By unifying market 

intelligence, forecasting, and policy simulation within a 

single analytical framework, the proposed system 

addresses critical limitations of conventional labor 

analytics platforms. Future extensions may incorporate 

real-time labor APIs, deep learning sequence models, 

and cross-country workforce intelligence to further 

enhance predictive accuracy and global applicability. 

9. FUTURE ENHANCEMENT 

 

Although Skill-Pulse AI demonstrates strong 

performance in labor market intelligence and strategic 

workforce analysis, several enhancements can further 

improve its scalability, predictive accuracy, and real-

world applicability. Future work will focus on 

integrating real-time labor market data streams through 

APIs from professional networks, job portals, and 

government employment repositories. This 

enhancement will enable continuous model adaptation 

and reduce reliance on periodic dataset updates, thereby 

improving responsiveness to rapid market fluctuations. 

Additionally, the incorporation of deep learning–based 

time-series models, such as Long Short-Term Memory 

(LSTM) and Temporal Convolutional Networks 

(TCN), can enhance long-horizon demand forecasting 

beyond the current trend-seasonality decomposition 

approach.      

Another significant enhancement involves extending 

the reskilling intelligence module using knowledge 

graphs and semantic embeddings. By leveraging 

transformer-based language models for skill ontology 

mapping, the system can capture latent skill 

relationships and generate more granular career 

transition pathways. Furthermore, multi-objective 

optimization techniques may be introduced to 

simultaneously consider salary growth, reskilling cost, 

transition duration, and automation risk. 

From a policy and governance perspective, future 

versions of the system can incorporate causal inference 

models to evaluate the long-term impact of educational 

investments, workforce subsidies, and regulatory 

interventions. Expanding the framework to support 

cross-regional and cross-national labor market analysis 

will further improve its applicability for global 

workforce planning and comparative policy evaluation. 
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