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Abstract: ldentifyingbiases,sentiments,andrelevancefor efficient governance has become difficult due to the rapid expan-
sionofdigitalnewsacrossnumerousplatforms.Conventional approachesdon’thaveautomatedsystemstogroupnewsby government
agenciesorto quicklydrawattentiontoimportant issues.Additionally,thevarietyofregionallanguagesmakes timely decision-making
and extensive monitoring more difficult. Anautomatedframeworkfordigitalnewscrawling,classi- fication, andsentiment
analysiswithanintegratedfeedback system is presented in this work. The framework gathers videos andarticles
fromvariousnationalandregionalmediasources, usesmachinelearningmodelstocategorizethemintotheir respective ministries
basedonthecontent,andusesnatural languageprocessingforsentimentanalysis.Real-timenotifica- tionstotherelevant departments
aretriggeredbynegative newsitems,allowingforpromptintervention.Directlinksto originalsources,department-wisefilters,
sentimentvisualization, andmultilingualsupportareallfeaturesofanintuitiveinterface. Future developments willin  volve
implementing thesystemas amobileapplication,addingmoreregionallanguages, andenhancingmodel accuracywith largerdatasets.
Thisstrategy  helpsgovernmentagenciesmaketimelyandwell-informedpolicy ~ decisionswhile  raisingpublic ~ awareness,
whichpromotesbetter governanceandsocialcohesion.

Keywords: NLP,sentimentanalysis,classification,newscrawl- ing, and multilingual processing

I. INTRODUCTION

With the rapid growth of online news platforms, an enor- mous amount of information is continuously published across

national,regional,andlocalmedia.Whilethisstreamofdigital newsoffersvaluableinsightsintopublicsentimentandemerg- ing

developments, it also creates significant challenges for real-time monitoring. Manually reviewing such large volumes of content is
slow, inconsistent, and prone to missing early signals that may require timely attention [20]. As a result, important issues can go
unnoticed, ultimately impacting the effectivenessofgovernance,policyresponses,andpublictrust.

To address these challenges, GovPulse introduces an Al- driven system designed to automatically monitor and ana-lyze governance-

related news. The system uses the Scrapy frameworktofetchnewsarticlesfromselectedonlinesources, classify them into their

respective government ministries, and conduct sentiment analysis to determine if the coverage is positive, neutral, or negative. If a

news item is flagged as negative or questionable, the system automatically alerts the relevant department for appropriate action at

the right time. Additionally, GovPulse provides an interactive web interface whereuserscaneasilyexplore, filter, and

interpretcategorized news in a clear and intuitive manner [21].

1) KeyContributionsofthisWork:

e  Extract news articles using the Scrapy framework, for efficient data gathering on a large scale [9].

o Classification of the governance-related articles to the correctgovernmentministriesbyusingappropriatesuper- vised learning and
clustering techniques [22]. Sentiment analysissupportedbytransformer-basedmodelslikeDis- tilBERT for accurate polarity
detection [3].

o Real-time alert mechanism sends notifications via email to concerned ministries when negative news is detected.

e Web-based dashboard that provides sentiment filtering, visual analytics, and smooth integration of the front-end with the back-
end.

2) MotivationandSignificance:

o ltisveryinefficienttomonitorsuchlargevolumesof digital news manually and ascertains the need for automated tools.

e Structured and sentiment-labeled news enables objective analysis and reduces dependence on subjective interpre- tation.

e Turning raw news into actionable insight strengthens transparency,responsiveness,andaccountabilityingov-ernance[23].
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Overall, GovPulse aims to make public information mon- itoring more efficient by delivering timely, sentiment-aware, and
ministry-specific  insights. Its modular design also makes thesystemeasytoextend,whetherbyaddingsupportformore
regionallanguages,integratingadvancedmultilingualmodels, or deploying it as a mobile application in the future.

Il. LITERATURE REVIEW
Research in the fields of automated news monitoring, text categorization, and sentiment analysis has evolved signifi- cantly in
recent years. A variety of machine learning and deep learning techniques have been explored to extract meaningful
insightsfromdigitalmedia.However,gapsremainintheareas of multilingual processing, real-time alerts, and integration with
governance systems. This section reviews key related works.
Patroetal.(2020)[1] Theauthorsdevelopedareal- time news classification framework using supervised machine learning algorithms
such as Naive Bayes, Random Forest,and Support Vector Machines. Their system was effective in classifyingnewsintohigh-
levelcategorieslikesports,politics, andbusiness.However,theapproachwaslimitedbyscalability challenges and was not designed to
handle multilingual data streams.
Zhu (2021) [2] This work investigated the use of Convo- lutional Neural Networks (CNNSs) for large-scale news text classification.
By combining feature weighting and hashing techniques, the model achieved better accuracy than tradi- tional ML methods.
Nonetheless, CNN architectures faced limitationsinprocessinglongtextdependenciesandcouldnot adequately address multilingual
contexts.
Bu“yuko“zet al. (2020) [3] The study compared ELMo andDistilBERTforsocio-politicalnewsclassification.Results demonstrated
that transformer-based models outperformed earlier neural networks in contextual understanding. While
promising,theresearchwasrestrictedtoEnglish-onlydatasets, leaving unanswered questions about performance in multilin- gual and
low-resource language settings.
ValmikiandAmbili(2023)[4] Theauthorshighlightedthe roleofmachinelearninginanalyzingandpredictingsentiment from news data.
Their experiments with modern algorithms showed improvements in accuracy but pointed out challenges in generalizing across
diverse populations and activity do- mains. These findings underscore the importance of building robust, domain-adapted
multilingual sentiment systems.
Yadav (2015) [5] This survey paper focused on sentiment analysis techniques for Hindi text, discussing both lexicon- based and
supervised methods. It revealed a lack of annotated corpora and standardized benchmarks for Indian languages. This resource
scarcity remains a critical barrier to developing reliable multilingual sentiment models.
Gupta et al. (2021) [6]Theauthorsconductedasystematic review of news classification methods, comparing traditional ML, deep
learning, and transformer-based approaches. They identifiedissuessuchasinterpretability,datasetimbalance, anddifficultyinreal-
worlddeployment. Thestudyemphasized the need for scalable architectures that combine classification, sentiment detection, and
practical deployment features.
Patel and Sharma (2019) [7] This paper introduced a hybrid technique for web page classification on news feeds, focusing on
extraction and categorization. While efficient for structured content, it struggled with unstructured data and lacked multilingual
capabilities. Integrating such techniques with advanced Al models could enhance robustness and ap- plicability.
Overall, the reviewed literature demonstrates strong progress in text analytics but highlights persistent challenges in multilingual
support, real-time alerting, and government- specific applications. GovPulse addresses these gaps by com- bining scalable news
crawling, transformer-based classifica- tion,sentimentanalysis,andinstantfeedbackmechanismsinto one integrated system.

11l. PROPOSED WORK
The proposed work of the project, GovPulse — Al-powered NewslIntelligenceandSentimentAlertSystem,istobuild an end-to-end
framework capable of automatically collecting, classifying,andanalyzingdigitalnews.Thesystemisdesigned to handle both static and
dynamic web pages, automatically categorize news articles under the appropriate government ministries, determine their sentiment,
and deliver actionable insights in real time [24].
News articles are collected from a variety of online plat- forms, including e-newspapers and web-based news portals. Large-scale
extraction of static content is handled using the Scrapy framework [9], whereas websites that require dynamic rendering are
processed through Selenium [10]. For video- based sources, the spoken content is converted into text using available captions or
speech-to-text transcription methods.
Thereafter, the data is filtered through a preprocessing pipeline that cleans and normalizes the text of articles. The refined articles
then pass through transformer-based models like DistilBERT for ministry classification.
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Next, sentiment analysis is done on them, categorizing each article as positive, neutral, or negative. Articles classified as strongly
negative automatically trigger an alert mechanism to send notifications to the relevant government departments.
Theprocessedarticles,withtheirsentimentscoresandclas-  sification, are then visualized on a Reactjs and TailwindCSS-
baseddashboard[18],[19].

Thedevelopeddashboardsupports filteringbyministryandsentiment,makingiteasytoviewand draw conclusions from the news under
analysis.
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Fig.1:SystemArchitectureofGovPulse
Figure 1lillustrates the proposed architecture, showing the flow from data collection to preprocessing, classification, sentiment
analysis, and final visualization.

IV. METHODOLOGY

The methodology of GovPulse is structured into several sequential stages, ensuring the transition from raw news data to actionable

insights.

1) Data Acquisition: News articles and videos are col- lected using automated crawlers. Scrapy [9] is the core framework for
scalable crawling of static and dynamic pages. For video content, captions and audio transcripts are extracted using speech-to-
text models. All collected data is stored in structured CSV/JSON formats.

2) PreprocessingandTranslation:Preprocessingincludes removal of duplicates, tokenization, stopword removal, and lemmatization
[25]. Non-English content is trans- lated into English using IndicTrans [29] or Google Translate. This ensures consistency across
multilingual sources.

3) Embeddings and Clustering: Sentence embeddingsare generated to capture semantic meaning of articles. Dimensionality
reduction using UMAP [11] enhances efficiency before clustering with algorithms such as K- means, DBSCAN [12], or
HDBSCAN [13]. Clustersare assigned to ministries based on frequent keywords, generating labeled datasets for supervised
training.

4) Supervised  Classification: Using the labeled  dataset, transformermodels(DistilBERT,XLM-R[30])arefine-
tunedtoclassifyunseenarticlesintoministries.Classical modelssuchasRandomForestandLinearSVVMareused as baselines for
comparison [14].

5) Sentiment Analysis: Pretrained Roberta [15] and Dis- tilBERT [3] sentiment classifiers are applied to assign polarity scores.
Each article is categorized into Positive, Neutral, or Negative with associated probabilities [26].

6) Alert Mechanism: Negative articles automatically trig- gerthealertmodule,whichsendsstructurednotifications through Gmail
SMTP or Nodemailer to the relevant ministries.

7) Visualization: Results are displayed on a React.js + TailwindCSS dashboard that fetches predictions via Django REST APIs
[17]. Features include filtering, sentiment analytics, and auto-refresh.

Figure 2presents the complete methodology, covering scraping,preprocessing,classification,sentimentanalysis,and dashboard

delivery.

V. IMPLEMENTATION
ImplementationoftheGovPulse—Al-poweredNewslntelli- gence and Sentiment Alert System follows a modular pipeline with well-
defined stages. In this work, there is seamless integration of automated web scraping, multilingual prepro- cessing, clustering,
classification, sentiment analysis, and vi- sualization of the project. Major components are in Python,
whereScrapyisemployedfordataacquisition,HuggingFace
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Fig.2:WorkflowoftheGovPulsePipeline

Transformers[8]providedeeplearning,andDjangoREST APIs enable frontend integrations.

A. Data Collection

GovPulseutilizestwocomplementarydatasetsforreal-time monitoring and model development. The first is a real-time scraped
dataset, collected using the Scrapy framework and supplemented with YouTube video transcripts and captions
retrievedthroughYouTubeAPIs. Thisdatasetcontainsdetailed attributes such as Author, Category, Content, Article Date, Headline,
Image URL (when available), Keywords, Source, Summary,URL,andWordCount.Theserecordsformthelive input for ministry
classification, sentiment analysis, and alert generation.

The second is a historical dataset composed of archived news articles with fields including Heading, Content, and
URL.with7645rows.Duringthedevelopmentworkflow,this  datasetisenhancedbyassigningCategorylabelsthroughclus-  tering and
adding Sentiment tags after training transformer- basedmodels. Theresultingclassificationandsentimentmod- els are then applied to
the real-time dataset to ensure accurate and consistent analysis of incoming news. This dual-dataset approach supports robust model
training while enabling com- prehensive and timely monitoring of both written and video- based news content.

B. Data Storage

GovPulse uses MongoDB as its primary data storage layer owing to its scalability, schema flexibility, and suitability for semi-
structurednewscontent[27].Giventhatscrapedarticles, transcripts,andmodeloutputsvarysignificantlyinlength and  structure, a
document-oriented NoSQL model offers a more flexible and efficient representation than rigid relational schemas.
Thedatabaseconsistsoffourcorecollec- tions—raw_articles, clean_articles, media_assets, and model_outputs—supporting the
complete ML pipeline. The raw_articles collection storesunprocesseddatascrapedfromnationaland

[ s

Fig.3:ERdiagramoftheGovPulsedatabaseschema

regional news portals, including headlines, article text, timestamps, metadata, and source information. After text preprocessing and
normalization, refined content is stored in clean_articles, preserving a clear boundary between raw and processed data. Media assets
such as YouTube transcripts and video-linked media are maintained in media_assets. Final model outputs—classification labels,
sentiment predictions, confidence scores, and processing timestamps—are stored in model_outputsand linked to corresponding
article identifiers.
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The storage layer is optimized using indexes on frequently queried fields, including source, date_published,
ministry,andsentiment_label,enablinglow-latency dashboard queries and alerting. MongoDB’s aggregation pipelines further support
efficient computation of ministry- level article counts, sentiment distributions, and temporal trends. Collectively, this architecture
forms a scalable and resilient backbone for GovPulse, enabling real-time ingestion alongside analytical workloads.

C. Web Scraping and Automation

The scraping process is automated using the Scrapy-based Scrapermodule,withmultiplespiderscrawlingdifferentnews domains in

parallel. Key features include:

1) Asynchronous large-scale crawling: The scraper uses Twisted’sevent-drivenarchitecturetofetchhighvolumes of articles
efficiently. Dedicated spiders handle national sources (Times of India, NDTV, Indian Express) and regional sources (The
Telegraph), each tailored to their DOM structures.

2) YouTube transcript extraction: The ytvideo_spider spiderusestheYouTubeData API to collect auto-
generated or manual captions from video-based sources.

3) Standardized data schema: The schema defined in items.pyensures consistent output fields before data is exported to CSV or
inserted into MongoDB.

4) Data cleaning pipelines: The pipeline module (pipelines.py)removesHTMLtags,scripts,and advertisements while extracting
structured fieldssuch as headline, body, URL, date, and source.

5) Robust middleware: Custom middleware (middlewares.py)managesrequestretries,user- agent rotation, throttling via
DOWNLOAD_DELAY, and optional proxy rotation for stable crawling [9].

6) Automatedscheduling:Recurringscrapingtasksrunvia  cronjobsorScrapy’sCrawlerProcessscheduler,en-  abling  periodic
(hourly/daily) extraction without manual intervention.

Dynamic, JavaScript-rendered pages are handled using Se- lenium or Playwright. For video-based news, speech-to-text models are

used when transcripts are unavailable, ensuring multimodal coverage.

D. Preprocessing

After scraping, the collected text undergoes a structured preprocessing pipeline to ensure it is suitable for downstream machine

learning tasks. The objective of this stage is to clean, normalize,andstandardizetherawdatasothatthemodelscan effectively capture

semantic and contextual patterns [25].

Thepreprocessingstepsinclude:

1) Removalofduplicates,noise,andirrelevantmetadata toeliminaterepeatedentries,HT MLtags,boilerplatetext, and other non-content
elements.

2) Handling missing or incomplete data by either correct- ing incomplete fields or discarding unusable entries.

3) Normalizationoperationssuchaslowercasing,punctua- tion removal, and cleaning special characters to maintain consistent text
formatting.

4) Tokenization using SpaCy to break the text into mean- ingful linguistic units [28].

5) Lemmatization using SpaCy to convert each token into its base form and reduce vocabulary complexity.

6) Stopword removal to eliminate non-informative words and improve signal-to-noise ratio.

The resulting preprocessed dataset provides a clean and consistent textual foundation for embedding generation, clus- tering,

classification, and sentiment analysis. This step plays a criticalroleinenhancingmodelaccuracyandensuringreliable downstream

performance.

E. Embeddings and Clustering

Each article was transformed into numerical embeddings to represent its semantic meaning in a high-dimensional vector space.
These embeddings were generated using transformer- based sentence encoders, which capture contextual relation- ships between
words more effectively than traditional bag-of- words or TF-IDF representations [16].

Once the embeddings were obtained, dimensionality reduc- tion was performed using UMAP, a technique well-suited for preserving
both local and global structure while significantly reducing computational complexity [11]. The reduced vectors were then clustered
using the K-Means algorithm to identify groups of semantically similar articles. To determine the most appropriate number of
clusters, multiple wvalues of k were evaluated using the Silhouette Score, as shown in Figure
4whichmeasuresthecohesionwithinclustersandtheseparation between them [31].
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While k=7 yielded a marginally higher SilhouetteScore,thevaluek=10wasselectedbecauseit offered clearer thematic separation
across article groups and improved interpretability for downstream tasks.
Find best k

0.056 1

0.054 4

0.052 4

0.050 1

Silhouette Score

0.048

0.046 1

0.044 4

T T T T T
6 8 10 12 14
Number of Clusters (k)

Fig. 4: Silhouette score analysis for determining the optimal number of clusters (k). The score for k=10 was selected to ensure
thematic separation.

Afterclustering,eachgroupwasexaminedbyanalyzingthe most frequent keywords and representative articles within it. This qualitative
review enabled the assignment of meaningful categorylabelstotheclusters,ultimatelyformingthebasisfor supervised classification and
ministry mapping in later stages of the pipeline.

F. Classification

Supervisedclassificationtechniqueswereemployedtobuild predictive models using the labeled dataset. Two major fami- lies of
models were explored during experimentation:

Baseline Models: Random Forest, Na“ive Bayes, SVM, and Logistic Regression were implemented to establish strong initial
performance benchmarks [14].

Model performance was evaluated using standard classi- fication metrics, including accuracy and F1-score. Table Isummarizes the
comparative results of the models. Among all models, Linear SVM achieved the highest accuracy (88.9%) and F1-score (0.88),
demonstrating superior overall perfor- mance. Logistic Regression also performed competitively, while Na“1ve Bayes and Random
Forest provided reasonable baseline results.

Model Accuracy(%)F1-Score
LogisticRegression 88.2 0.81
NaiveBayes 84.3 0.83
LinearSVM 88.9 0.88
RandomForest 85.2 0.85

TABLE I: Performance comparison of the implemented clas- sification models.

G. SentimentAnalysis

Neutral Sentiment Thresholding: A news article’s tone can be identified as neutral, negative, or positive using Gov-
Pulse’ssentimentanalysis.Onlyapolarityscoreofprecisely0.0wascategorizedasNeutralbytheoriginal TextBlob-based
method,whichistoorestrictiveforlanguageusedineveryday situations. Mild expressions that produce polarity values near zero are
frequently found in news articles. **This refined threshold helps the system better capture subtle or weakly expressed sentiments
found in factual news reporting.** A neutral margin is added to prevent misclassification.

e Negative:polarity<—0.05

o Neutral:—0.05<polarity<0.05

e  Positive: polarity>0.05
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This thresholding allows for a more realistic separation of content with strong sentiments from that with weak senti-
ments.Reliabilityisalsoincreasedbyusingtransformer-based sentiment models, such as DistilBERT and RoBERTa [15], especially for
ambiguous or multilingual text. These models capture contextual cues that are missed by Lexicon-based approaches. Their outputs
are combined with polarity scoresto generate the final sentiment label with higher confidence.

The resulting sentiment tags, which are stored with proba- bilities, enable more precise trend analysis on the dashboard
andaidthealertsystembyhighlightingarticlesthatarehighly negative.

H. Dashboard Visualization

The final stage is a user-friendly web dashboard developed using React.js and TailwindCSS, which connects with Django
RESTAPIstopresentprocessednews.Keyfeaturesinclude:

o Newscardsshowingarticletitle,summary,ministrylabel, and sentiment scores.

o Filteringbysentiment,ministry,andlanguage.

o Auto-refresheveryhour,withmanualrefreshcapability.

e Analyticsgraphsshowingsentimenttrendsacrossmin- istries.

© Govpulse Al

Judiciary

Judiciary

Supreme Court upholds digital privacy

rights in landmark ruling

Controversial bail reform sparks public Fast-track courts reduce trial duration by Judges raise alarm over threats to judicial
debate 0% independence

Fig.5:GovPulseDashboardDisplayingClassifiedand Sentiment-tagged News

.  Summary

The system showcases the integration of web scraping automation, transformer-based classification, and sentiment- driven alerts to
create a comprehensive news intelligence platform. Utilizing Scrapy for automated data gathering, so-
phisticatedNLPmodelsforclassification,and adashboardfor interactive visualization, GovPulse offers a complete solution for
multilingual news tracking and real-time support for gov- ernmental decision-making.

VI. RESULTS AND DISCUSSION
The GovPulse system was evaluated on multiple criteria, includingclassificationofarticles,sentimentanalysisand the usability of the
dashboard. The results demonstrate that transformer-basedarchitecturessignificantlyoutperformedtra- ditional machine learning
baselines in terms of accuracy, robustness, and adaptability to multilingual content.
Figure6showsthecomparativeperformanceofthemodels, whereLinearSVVMachievedthehighestachievinganaccuracy of 88.9% and an
F1-score of 0.88.

Model Performance Comparison

Accuracy
F1 Score

Fig. 6: Performance comparison of baseline and transformer models on the ministry classification task based on Accuracy,
Precision, Recall, and F1-Score.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue X1 Dec 2025- Available at www.ijraset.com

A deeper analysis of the best-performing model’s pre- dictions is provided by the confusion matrix in Figure 7,which highlights
common misclassifications between related ministries.

Confusion Matrix for Linear SVM

Crime 0 5 2 0 1 2 1 8 4

Defenceq 0 29 0 1 0 0 0 0 0 0

120
Economy 4 1 0 pkxy 0 0 1 0 0 4 0
Entertainment 4 3 4 4 0 2 2 2 1 7 100

Foreign Affairs 4 0 1 4] 0 49 o0 0 0 0 1] | 50

Health 4 2 0 0 2 0 |53 0 0 0 0

True label

r 60
Judiciary 4 1 0 8 1 0 0 |57 0 1 3

Politcs{ 0 O 5 4 0 O 0 5 1 0O r4o

Science 4 2 0 6 0 0 0 0 0 5] L 20
Sports 7 2 1 2 g 0 0 0 0 1,

T T T T T T - T —0
Fig. 7: Confusion matrix for the Linear SVM classification model. Thex-axisshowspredictedministrylabels,andthe y-axis shows true
labels.

The React.js dashboard was also tested with a small focus groupofusers.Feedbackhighlightedtheeffectivenessofclear
categorization,color-codedsentimenttagging,andfilteringby ministry or sentiment. Suggestions for improvement included bilingual
visualization (showing both original and translated content) and the addition of temporal analytics to observe sentiment trends over
time.

Figure 8provides an example of the sentiment distribution graph displayed on the dashboard.
Sentiment Percentage Distribution

Negative

17.3%

Positive 48.5%

34.2%

Neutral

Fig. 8: Overall distribution of sentiment (Positive, Neutral, Negative) across all collected news articles in the dataset.

Overall, the results highlight several important findings: transformer-basedmodelsareessentialforhighaccuracyin multilingual
classification and sentiment analysis; nega-tive sentiment detection paired with automated alerts pro- vides immediate utility for
governance applications; and the scraping framework, implemented using Scrapy with Sele- nium/Playwright for dynamic content,
ensured timely and scalablenewsacquisition.However,certainlimitationsremain, including uneven performance across
underrepresented re- gionallanguagesandinfrastructurechallengesforscalingreal- time deployment. Future research will focus on
fine-tuning larger multilingual models, integrating multimodal features such as images and videos, and enhancing the dashboard
with predictive analytics to forecast emerging issues.

VII.CONCLUSION AND FUTURE PLAN
This work presented GovPulse, an Al-driven system for large-scale monitoring, classification, and sentiment analysis of
governance-related news. By combining automated web scraping, multilingual preprocessing, and transformer-based NLP models,
the system effectively processes high-volume digital news and organizes it into ministry-specific categories.
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Experimentalresultsdemonstratethattransformermodelssig- nificantlyoutperformclassicalbaselines,withtheLinearSVM achievingan
accuracy of88.9%andanF1-scoreof0.88. The integrated alert mechanism and the interactive dashboard further enhance the system’s
practical utility by enabling timely detection of negative news and providing transparent, actionable insights to stakeholders.
Although the system performs robustly across major sources, challenges remain in handling code-mixed and low- resource regional
languages, processing noisy multimedia content, and scaling real-time pipelines at a national level. Addressing these limitations is
essential for improving the model’s coverage and deployment readiness. Future enhance- ments will focus on incorporating stronger
multilingual trans- former models such as MBERT and XLM-R, extending the pipelinetomultimodalanalysisusingimagesandvideos,
and integrating predictive analytics to forecast emerging pub- lic issues. Scaling GovPulse through cloud-based distributed pipelines
will further improve real-time performance and en- sure long-term operational sustainability.

Overall, GovPulse establishes a strong foundation for Al- enabled news intelligence and offers meaningful potential for
strengtheningtransparentgovernance,proactivepolicymaking, and informed citizen engagement.
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