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ABSTRACT 

 
The goal of this project is to predict stock worth movement. During 

thisproject we are going to realize economical technique which may predict 

stockmovement additional accurately. Social media offers a robust outlet for 

people’sthoughtsandfeelingsit'safast-ever-

growingsupplyoftextsstartingfromeveryday observations to concerned discussions. 

This project contributes to thesphere of sentiment analysis that aims to extract 

emotions and opinions from text.A basic goal is to classify text as expressing 

either positive or negative feeling.Sentiment classifiers are designed for social 

media text like product reviews, blogposts, and even email corpus messages. With 

increasing complexness of textsourcesandtopics,it'stimetore-

examinethequalitysentimentextractionapproaches, and probably to re- outline and 

enrich the definition of sentiment.Next, in contrast to sentiment analysis up to now, 

we have a tendency to examinesentiment expression and polarity classification 

inside and across varied socialmedia streams by building topical datasets inside 

every stream. Totally 

differentdataprocessingwaysareaunitaccustomedpredictmarketadditionalwithefficie

ncy in conjunction with varied hybrid approaches. We have a tendency 

toconcludethatstockpredictionisincrediblyadvancedtaskandvariedfactorsoughttobet

houghtofforprognosticationthemarketadditionalaccuratelyandwithefficiency. 
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CHAPTER 

1INTRODUCTIO

N 

1.1 PROJECTINTRODUCTION 

 
Stock market prediction is the act of the trying to determine the 

futurevalue of a stock from social media Social media offers a robust outlet for 

peoplethoughts and feelings Analysis of social media is strongly related to 

sentimentanalysis This is used to extract emotions and opinions from text Data 

miningmethodologies like NLP, Random forest, Neural network is used for 

analyzingsocialnetworkcontentandimprovestheaverageaccuracyRecentanalysisrev

ealstheexistenceofattention-

grabbingcommunicationpatternsamongcompletelydifferentparticipantsofvarioussoci

alnetworkplatforms.Thesepatterns are shownto be helpful in predicting product 

sales and stock 

costs.Comparedtoasocialnetwork,whichmaybethoughtofasrepresentingconnections 

amongfolks withinthe public,acompanynetworkconnectssolelystaff in a very huge 

corporation. While participants of a social network will specificopinions on any 

problems with interest, members of a company 

communicationnetworkareaunitexpectedtochiefly saycompany-specificbusiness. 

If human communication patterns will be discovered within the 

socialnetworks to predict product sales or stock performance, one might surprise if 

suchpatterns additionally exist among members in company communication 

network topermit constant to be done. in contrast to social networks, in a very 

companycommunicationnetwork,e-

mailshavelongbeenusedasatoolforinterorganizational data exchange. within the 

same means, a social network platform 

isreadytocaptureparticipants’behaviourandtheiropinionsconcerningvariedproblemsa

ndevents. 

Thus, we tend to argue that a company communication network 

withinthe sort of Associate in Nursing e-mail scheme additionally contains 

perceptivedata, like structure stability and hardiness, a couple of company’s 
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developments.we tend to believe our argument is in line with company 

communications, thatsuggests that “employee communications will mean the 

success or failure of 

anymajoramendmentprogram”ensuingfromamerger,acquisition,newventure,new 
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methodimprovementapproach,oralternativemanagementproblems.Inalternativewor

ds,workercommunicationwillserveacrucial“businessoperatethatdrivesperformance 

andcontributesto acompany’sfinancialsuccess”. 

Based on these broad company communication theories, we tend 

toanticipatethateachcompanyhasitsowncommunicationapproachwithidentifiable 

patterns. we tend to believe that these communication patterns willreflect however 

a company manages major company activities (such as 

mergers,acquisitions,newventures,newmethodimprovementapproaches,goingconsi

derations,orbankruptcy)whichwillafterwardsinfluencethecompany’sperformancewith

intheexchange 

 
1.2 MACHINELEARNING 

 
Machine Learning is a system that can learn from example through self-

improvement and without being explicitly coded by programmer. The 

breakthroughcomeswiththeideathatamachinecansingularlylearnfromthedata(i.e.,ex

ample)toproduceaccurateresults. 

 
Machine learning combines data with statistical tools to predict an 

output.Thisoutputisthenusedbycorporatetomakesactionableinsights.Machinelearnin

g is closely related to data mining and Bayesian predictive modeling. 

Themachinereceivesdataasinput,useanalgorithmtoformulateanswers. 

 
A typical machine learning tasks are to provide a recommendation. 

Forthose who have a Netflix account, all recommendations of movies or series 

arebasedontheuser'shistoricaldata.Techcompaniesareusingunsupervisedlearningto

improvetheuserexperiencewithpersonalizingrecommendation.Machine learning is 

also used for a variety of task like fraud detection, 

predictivemaintenance,portfoliooptimization,automatizetaskandsoon. 

 
1.3 MLVSTRADITIONALPROGRAMMING 

 
Traditionalprogrammingdifferssignificantlyfrommachinelearning.Intraditional 

programming, a programmer code all the rules in consultation with 

anexpertintheindustryforwhichsoftwareisbeingdeveloped.Eachruleisbasedon 
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alogicalfoundation;themachinewillexecuteanoutputfollowingthelogicalstatement. 

When the system grows complex, more rules need to be written. It 

canquicklybecomeunsustainabletomaintain. 

 
 

 
DATA 

 

OUTPUT 
 
 

Fig1.1Pre-Processing 

 
1.4 HOWDOESMACHINELEARNINGWORK? 

 
Machine learning is the brain where all the learning takes place. The 

waythe machine learns is similar to the human being. Humans learn from 

experience.The more we know, the more easily we can predict. By analogy, when 

we face anunknown situation, the likelihood of success is lower than the known 

situation.Machinesaretrainedthesame.Tomakeanaccurateprediction,themachinese

es an example. When we give the machine a similar example, it can figure outthe 

outcome. However, like a human, if its feed a previously unseen example, 

themachinehasdifficultiestopredict. 

 
The core objective of machine learning is the learning and inference. 

Firstofall,themachinelearnsthroughthediscoveryofpatterns.Thisdiscoveryismadetha

nkstothedata.Onecrucialpartofthedatascientististochoosecarefully which data to 

provide to the machine. The list of attributes used to solve aproblem is called a 

feature vector. You can think of a feature vector as a subset ofdatathatis 

usedtotackleaproblem. 

 
Themachineusessomefancyalgorithmstosimplifytherealityandtransform this 

discovery into a model. Therefore, the learning stage is used 

todescribethedataandsummarizeitintoamodel. 

COMPUTER 
RULES 
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Fig1.2LearningPhase 

 
Forinstance,themachineistryingtounderstandtherelationshipbetween the 

wage of an individual and the likelihood to go to a fancy restaurant. Itturns out the 

machine finds a positive relationship between wage and going to ahigh-

endrestaurant:This is themodel 

 
1.5 INFERRING 

 
When the model is built, it is possible to test how powerful it is on never-

seen-before data. The new data are transformed into a features vector, go 

throughthe model and give a prediction. This is all the beautiful part of machine 

learning.There is no need to update the rules or train again the model. You can use 

themodelpreviously trainedtomakeinferenceonnewdata. 

 

 
 

Fig1.3Inference 

 
ThelifeofMachineLearningprogramsisstraightforwardandcanbesummarizedint

hefollowingpoints: 

 
1. Defineaquestion 

2. Collectdata 
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3. Visualizedata 

4. Trainalgorithm 

5. TesttheAlgorithm 

6. Collectfeedback 

7. Refinethealgorithm 

8. Loop4-7untiltheresultsare satisfying 

9. Usethemodeltomake aprediction 

 
Once the algorithm gets good at drawingthe right conclusions, 

itappliesthatknowledgetonewsetsofdata. 

 
1.6 PYTHONOVERVIEW 

 
 

Python is a high-level, interpreted, interactive and object-oriented 

scriptinglanguage. Python is designed to be highly readable. It uses English 

keywordsfrequently where as other languages use punctuation, and it has fewer 

syntacticalconstructionsthanotherlanguages. 

 PythonisInterpreted:

Python is processed at runtime by the interpreter. You do not need 

tocompileyourprogrambefore executingit. ThisissimilartoPERLandPHP. 

 PythonisInteractive :

YoucanactuallysitataPythonpromptandinteractwiththeinterpreterdirectly 

towriteyourprograms. 

 PythonisObject-Oriented:

Python supports Object-Oriented style or technique of 

programmingthatencapsulatescodewithinobjects. 

 PythonisaBeginner'sLanguage:

Python is a great language for the beginner-level programmers 

andsupportsthedevelopmentofawiderangeofapplicationsfromsimpletextprocessingt

oWWWbrowsers togames. 

1.7 HISTORYOFPYTHON 

Python was developed by Guido van Rossum in the late eighties and 

earlynineties at the National Research Institute for Mathematics and Computer 

ScienceintheNetherlands. 
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Pythonisderivedfrommanyotherlanguages,includingABC,Modula-3,C,C++, 

Algol-68,SmallTalk, Unixshell,andotherscriptinglanguages. 

Pythoniscopyrighted.Like Perl,Pythonsource 

codeisnowavailableundertheGNU General Public License(GPL). 

Pythonisnowmaintainedbyacoredevelopmentteamattheinstitute,althoughGuidovan 

Rossumstillholdsa vitalrole indirectingitsprogress. 
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CHAPTER 

2LITERATURESURVE

Y 

 
2.1 TITLE:AMachineLearningApproachtoStockWorthMovement. 

2.1.1 Author: Yiwen Meng, William Speier, Member, Chrisandra Shufelt, 

SandyJoung, Jennifer E Van Eyk, C. Noel Bairey Merz, Mayra Lopez, Brennan 

SpiegelandCoreyW.Arnold 

2.1.2 Description: Wavelet depend prediction method for time series.The 

mostprominent univariate time series models is the auto regressive integrated 

movingaverage (ARIMA) model. The popularity of ARIMA model is due to its 

statisticalproperties andBox-Jenkins methodology in the model selection 

procedure.But,most works use neural network to extract newly pattern form 

Multivariate timeseries.Therefore, we chose the SVM with the linear kernel as the 

prediction model.To assess the effectiveness of sentiment analysis on the 

message boards, six setsoffeatures aredesigned. 

 
2.2 TITLE:DynamicPredictioninStockMarketAnalysisusingNeuralNetworks 

2.2.1 Author: E. Maiorino, A. Sadeghian , Member, IEEE, and Mihaela van 

derSchaar,Fellow,IEEE 

2.2.2 Description:Twoseriouschallengesareassociatedwithfinancialtimeseries.It’s

notconvenienttocopyvolatilityeffectdirectly,soneuralnetworkcombined with Empirical 

Mode Decomposition(EMD) and de trending was used tosolve the problem 

indirectly. The logical idea behind EMD for forecasting purposesby dividing signal 

into intrinsic mode functions(IMF) components, the remainingcomponent will 

decrease the complication of time series, separating trends 

andoscillationsatdistinctscales,improvinginthiswaytheforecastingexactlyatspecific 

time horizons.Pattern recognition of impure will digest a new 

researchdirection.Theworkthatanalysetheextractionofusefulcharacteristicsfromfinan

cialtimeseries hadreceivedattention. 

 
2.3 TITLE:Stockpricepredictionthroughdiscoveringmulti-frequencytradingpatterns. 

2.3.1 Author:L.Zhang,andG.-J.Qi. 
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2.3.2 Description:InventedanewnovelStateFrequencyMemory(SFM)recurrent 

network to take the multi-frequency trading patterns from old market datato make 

huge and short term predictions. SFM was used to decompose the hiddenstates of 

memory cells in multiple frequency components, each models a 

particularfrequency oftrading pattern critical the fluctuation of stock price.But, most 

worksuse neural network to extract newly pattern form Multivariate time series and 

joinwith regressionmodel to predict but lackof consideration of constant 

patternsalongdata. 

 

 
2.4 TITLE:TimeSeriesAnalysis:DeterminingandControl.Hoboken. 

2.4.1 Author:G. E.P.Box, andG.M. Ljung. 

2.4.2 Description: Planned classical time series analysis method for the 

timeseries on stationary and non-stationary conditions.The most prominent 

univariatetime series models is the auto regressive integrated moving average 

(ARIMA)model. The popularity of ARIMA model is due to its statistical properties 

andBox-Jenkins methodology in the model selection procedure. So, the effect 

ofmodeldepends on smoothing of non-stationary time series data, mainly upon 

nonlinearfinancialtimeseries. 

 

 
2.5 TITLE:Robustfinite-

horizonfilteringforconditionalsystemswithmissingmeasurements 

2.5.1 Author:Z.Wang 

2.5.2 Description: Created a fit finite-horizon filters whichprovides good 

movingperformance.Thenoiseinputsarenonstationary.JoinedStationaryWaveletTran

sform along some prediction methods gives away to deal with financial timeseries 

and used for stock market prediction. Research shows that bridging waveletmulti-

resolutionandmultivariatecomplexnetworkprovidesnovelmethodforanalyzing 

multivariate non-linear time series that was in nonlinear science 

andengineering.Missingdataprobleminfragmentedtimeseriesisachallengeintrend 

analysis. Most classical methods replaces missing data along straight 

linevalueswillopposeassumptionsaboutnoisestatistics. 
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CHAPTER 3 

 
AIMANDSCOPEOFTHEPROJECT 

 

 
3.1 AIM 

The main goal of this project is to reviewtotally different techniques 

topredictstockWorthmovementandtofindtheperformanceandaccuracyofstock’sprice. 

 
3.2 SCOPEOFTHE PROJECT 

TheRandomForestAlgorithm,SVMAlgorithmandLogisticRegressionAlgorithm

haslongbeenrecognizedasbeingabletoefficientlyhandlehighdimensional data and 

has beenshown toperform well on. Therefore, 

wechosetheSVMwiththelinearkernelasthepredictionmodel.Toassesstheeffectivenes

s ofsentiment analysison themessage boards,six sets of featuresare designed. The 

first one used only the historical prices. The other methodsincorporated the mood 

information into the prediction model. All the feature valueswerescaledinto[−1,1]. 

 
3.3 EXISTINGSYSTEM 

Inexistingsystem,wetendtoproposethatacompany’sperformance,intermsofit

sstockworthmovement,isforeseenbyinternalcommunicationpatterns.togetearlywarni

ngsignals,wetendtobelievethatit'svitalforpatternsincompanycommunicationnetworkst

obedetectedearlierforthepre-

dictionofseriousstockworthmovementtoavoidattainableadversitiesthatanorganization

couldfacewithinthesecuritiesmarketinorderthatstakeholders’interestsisprotectedthem

aximumamountasattainable.Despitethepotentialimportanceofsuchdataregardingcorp

oratecommunication,verylittleworkhasbeentiredthisvitaldirection.Weattempttobridget

heseresearchgapsbyemployingadata-

miningmethodtoexaminethelinkagebetweenafirm’scommunicationdataandits 

shareprice.As EnronCorporation’se-mailmessages 

constitutetheonlycorpusavailabletothepublic,wemakeuseofEnron’se-

mailcorpusasthetrainingandtestingdataforourproposedalgorithm. 
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3.3.1 DrawbacksOfExistingSystem 

1. However accuracy would decrease when setting more levels of stock 

marketmovement. 

2. The average of prediction accuracies using Decision Tree as the classifier 

are43.44%, 31.92%, and 12.06% for “two levels,” “three levels,” and “five 

levels,”respectively. 

3.4 PROPOSEDSYSTEM 

InthisProposedSystem,opinionscannowbefoundalmosteverywhere - 

blogs, social networking sites like Facebook and Email, news portals,e-commerce 

sites, etc. While these opinions are meant to be helpful, the vastavailability of such 

opinions becomes overwhelming to users when there is just toomuch to digest. 

Over the last few years, this special task of summarizing opinionshas stirred 

tremendous interest amongst the Natural Language Processing 

(NLP)andRandomForestcommunities.„Opinions‟mainlyincludeopinionatedtextdata 

such as blog/review articles, and associated numerical data like aspectrating 

isalsoincluded.Forexample,sentimentpredictiononreviewsofaproductcangivea very 

general notion of what the users feel about the product. If the user needsmore 

specifics, then the topic-based summaries ortextual summaries maybemore 

useful.The approaches utilized to address this summarization task varygreatly and 

touch different areas of research including text clustering, sentimentprediction, 

Random Forest, NLP analysis, and so on. Some of these approachesrely on simple 

heuristics, while others use robust statistical models. Some of 

theapplicationsofmachinelearningaregivenbelow: 

1. Augmentation 

Machinelearning,whichassistshumanswiththeirday-to-daytasks,personally or 

commercially without having complete control of the output. Suchmachine learning 

is used in different ways such as Virtual Assistant, Data analysis,softwaresolutions. 

Theprimaryuseristoreduceerrorsduetohumanbias. 

 
Machine learning,whichworksentirely autonomouslyinany fieldwithoutthe 

need for any human intervention. For example, robots performing the 

essentialprocessstepsinmanufacturingplants. 
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2. FinanceIndustry 

 
Machine learning is growing in popularity in the finance industry. Banks 

aremainlyusingMLtofindpatternsinsidethedatabutalsotoprevent fraud. 

 
3. Governmentorganization 

 
The government makes use of ML to manage public safety and 

utilities.Take the example of China with the massive face recognition. The 

governmentusesArtificial intelligencetopreventjaywalker. 

 
4. Healthcareindustry 

 
Healthcare wasone ofthe firstindustryto usemachine learning withimage 

detection. 

 
5. Marketing 

 
Broad use of AI is done in marketing thanks to abundant access to 

data.Before the age of mass data, researchers develop advanced mathematical 

toolslike Bayesian analysis to estimate the value of a customer. With the boom of 

data,marketingdepartmentreliesonAItooptimizethecustomerrelationshipandmarketin

gcampaign. 

 
3.4.1 ExampleofapplicationofMachineLearninginSupplyChain 

 
Machinelearninggivesterrificresultsforvisualpatternrecognition,opening up 

many potential applications in physical inspection and 

maintenanceacrosstheentiresupply chainnetwork. 

 
Unsupervised learning can quickly search for comparable patterns in 

thediverse dataset. In turn, the machine can perform quality inspection throughout 

thelogisticshub,shipmentwith damageandwear. 

 
For instance, IBM's Watson platform can determine 

shippingcontainerdamage. Watson combines visual and systems-based data to 

track, report andmakerecommendationsinreal-time. 
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In past year stock manager relies extensively on the primary method 

toevaluateandforecasttheinventory.Whencombiningbigdataandmachinelearning,bet

ter forecasting techniques havebeen implemented (an improvementof 20 to 30 % 

over traditional forecasting tools). In term of sales, it means anincreaseof2 to3% 

duetothepotential reductionininventory costs. 

 
Forexample,everybodyknowstheGooglecar.Thecarisfulloflaserson the roof 

which are telling it where it is regarding the surrounding area. It hasradar in the 

front, which is informing the car of the speed and motion of all the carsaround it. It 

uses all of that data to figure out not only how to drive the car but alsoto figure out 

and predict what potential drivers around the car are going to 

do.What'simpressiveisthatthecarisprocessingalmostagigabyteasecondofdata. 

 
3.4.2 DeepLearning 

 
Deep learning is a computer software that mimics the network of 

neuronsin a brain. It is a subset of machine learning and is called deep learning 

because itmakes use of deep neural networks. The machine uses different layers 

to learnfrom the data.The depth of the model is represented by the number 

oflayers inthe model. Deep learning is the new state of the art in term of AI. In deep 

learning,thelearningphaseis donethroughaneuralnetwork. 

 
Examplesofdeeplearningapplications: 

 
 AI in Finance: The financial technology sector has already started using AI 

tosave time, reduce costs, and add value. Deep learning is changing the 

lendingindustrybyusingmorerobustcreditscoring.Creditdecision-

makerscanuseAI for robust credit lending applications to achieve faster, more 

accurate riskassessment, using machine intelligence to factor in the character 

and 

capacityofapplicants.UnderwriteisaFintechcompanyprovidinganAIsolutionforcre

ditmakers company.

 AIin HR: Under Armour, a sportswear company revolutionizes hiring 

andmodernizesthecandidateexperiencewiththehelpofAI.Infact,UnderArmour 

Reduces hiring time for its retail stores by 35%. Under Armour faced 

agrowingpopularityinterest backin2012.Theyhad,onaverage,30000resumes
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a month. Reading all of those applications and begin to start the screening 

andinterview process was taking too long. The lengthy process to get people 

hiredand on-boarded impacted Under Armour's ability to have their retail stores 

fullystaffed,rampedandreadytooperate.Atthattime,UnderArmourhadallofthe 

'must have' HR technology in place such as transactional solutions 

forsourcing,applying,tracking and onboardingbut those tools 

weren'tusefulenough.UnderarmourchooseHireVue,anAIproviderforHRsolution,f

orboth on-demand and liveinterviews.The results were bluffing; they 

managedtodecreaseby35%thetimetofill. Inreturn,thehiredhigherqualitystaffs. 

 AI in Marketing: AI is a valuable tool for customer service 

managementandpersonalizationchallenges.Improvedspeechrecognitionincall-

centermanagement and call routing as a result of the application of AI 

techniquesallowsamoreseamlessexperienceforcustomers.Forexample,deep-

learning analysis of audio allows systems to assess a customer's 

emotionaltone. If the customer is responding poorly to the AI chatbot, the 

system can bereroutedtheconversationto 

real,humanoperatorsthattakeovertheissue.

 
Apartfromthethreeexamplesabove,AIiswidelyusedinothersectors/industries. 

 
 
 

 

Fig3.1ArtificialIntellegence 

 
3.4.3 Reinforcementlearning 

 
Reinforcementlearningisasubfieldofmachinelearninginwhichsystemsaretrai

nedbyreceivingvirtual"rewards"or"punishments,"essentially 

ML 

MachineLearning 

Deep 
Learning 
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learning by trial and error. Google's DeepMind has used reinforcement learning 

tobeat a human champion in the Go games. Reinforcement learning is also used 

invideogamesto improve thegamingexperiencebyproviding smarterbot. 

 
Oneof themost famousalgorithmsare: 

 
 Q-learning

 DeepQnetwork

 State-Action-Reward-State-Action(SARSA)

 DeepDeterministicPolicyGradient(DDPG)

 
3.4.4 AdvantagesOfProposedSystem 

 
1. Itclassifytheapproachesinvariouswaysanddescribethetechniquesusedinanintuit

ivemanner. 

2. Italsoprovidevariousaspectsofevaluationinopinionsummarization,whichwasnot

coveredbyotherprevioussurveys. 

3. Finally,thisprojectprovideinsightsintotheweaknessesoftheapproachesanddescr

ibethechallengesthatremain tobesolved inthisarea. 
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CHAPTER 

4METHODOLOG

Y 

 
4.1 MODULES 

1. DataCollection 

2. Pre-Processing 

3. DataScoring 

4. ResultwithAnalysis 

 
 

1. DataCollection 

Our data consists of mainly daily email about the stock market. Initially 

weare going to try to analyze the NYSE then upon perfection we will be using 

ourmodel with the most accuracy to data from Bangladesh and implement a 

system 

tohelpinvestorsofBangladesh.Westartedoffwithfindingataggeddata;unfortunately 

there were no free sources to find such. What we did then was builtour own web 

script to scrap chat from the email API. We run this script every dayfor 8 hours and 

we collect a huge amount of chat daily. Then we store it 

inJavaScriptObjectNotation(JSON)toourfilestorage andparseit. 

 
2. Pre-Processing 

 
These noisy words will interfere with our learning algorithm. Also 

thebiasness seems to increase as a result of including these words. If we 

includethese words then our learning algorithm seems to look for quantifiers like 

“a”,“an”, “this” etc. Also auxiliary verbs seem to be of no interest to us. So we 

needonly words that give a sense of “good”, “bad” or “neutrality”. The following 

list ofthingswehadto doinordertopre-processourdata: 

1. Delete all hyper-text links from the tweet data.

 Forexample:“http://”or“https://t.co/3k7Bai5crQ”isremovedfromthetweet 

feed. 

2. Changeallwordblocksfromtheemailcorpusdatatolowercase.Thisincreases14unifor

mityandchangeshelpsustoremove repetitionsifpresent. 
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3. Removingwhitespacesfromthetweetdata.Wekeeptheemotions

 because

theyprovidehelpful insightsaboutthetweet. 

4. Weremovepunctuationsmarkslikecommas,fullstopetc. 
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5. Clear out any tag to any person in the email data. Tags starting with “@” 

areremoved. We keep hashtags because sometimes tags like “#Stock 

#Crash”helpsus betterunderstandthemood. 

6. Do take corpus chat inourdata email.So removetweetswith “RT”fromthedataset. 

3. DataScoring 

Our approach for scoring a tweet was simple and effective. The 

firstproblems with tweets in the CSV files were that they contain a lot of noisy 

wordswhich have little 15 to no significance to the actual context. We must remove 

themto get words of interest to us. Considering this objective, we first collected a 

list ofpositive,negativeandneutralwordsinthedictionary.Then 

whatwedidwasscoredbasedontheuniquepositive,negativeandneutralwordsonthetwe

etsand our list of words. Suppose, the tweet consists of n words. Now considering 

thescoreforpositive,negativeandneutralscorebeScorepos,ScorenegandScoreneu 

respectivelyand notate the set ofall positive,negativeand 

neutralwordsaslistpos,listnegandlistneuandfrequencyofpositive,negativeandneutral 

words as frequencypos, frequencies and frequencyneu respectively 

wecomeupwiththefollowingformulaforscoringthedata. 

 
4. ResultsWithAnalysis 

The experimental setup consists of two components. The first one 

iscollecting data and scoring it. We collect data from Twitter feed and score it. 

Thesecond component being the learning models. Some of the models are simple 

andsome cutting edge. Based on the learning models we have worked on 

previouslywehavecomeupwithinterestingresults.WeusedrapidTableandmeta-

chartsto make visual representations. We have used three learning models on data 

thatwehavecollected from a dedicated machine for 3months. We have 

dividedseventypercentofit fortrainingsetandtherest30%fortestset. 

 ALGORITHMS

4.2 RANDOMFORESTALGORITHM 

Randomforestisatypeofsupervisedmachinelearningalgorithmbased on 

ensemble learning. Ensemblelearning is atype of learning where 

youjoindifferenttypesofalgorithmsorsamealgorithmmultipletimestoformamore 
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powerfulpredictionmodel.Therandomforestalgorithmcombinesmultiplealgorithm of 

the same type i.e. multiple decision trees, resulting in a forest of trees,hence the 

name "Random Forest". The random forest algorithm can be used 

forbothregressionandclassificationtasks. 

HowRandomForestWorks: 

 
Thefollowingarethebasicstepsinvolvedinperformingtherandomforestalgorithm 

1. PickNrandomrecordsfromthedataset. 

 
2. Buildadecisiontreebased ontheseNrecords. 

 
3. Choosethenumberoftreesyouwantinyour algorithmandrepeatsteps. 

4. Forclassificationproblem,eachtreeintheforestpredictsthecategorytowhichthenewr

ecordbelongs. 

5. Finally,thenewrecordisassignedtothecategorythatwinsthemajorityvote. 

 
AdvantagesOfUsingRandomForest: 

 
1. The random forest algorithm is not biased, since, there are multiple trees 

andeach tree is trained on a subset of data. Basically, the random forest 

algorithmreliesonthepowerof"thecrowd";therefore,theoverallbiasednessofthealgorith

mis reduced. 

2. This algorithm is very stable. Even if a new data point is introduced in the 

dataset the overall algorithm is not affected much since new data may impact one 

tree,butitis veryhardforittoimpactall thetrees. 

3. The random forest algorithm works well when you have both categorical 

andnumerical features.The random forest algorithm also works well when data 

hasmissingvalues orithas notbeenscaledwe. 

 
4.3 SVMALGORITHM 

1. Identifythecorrecthyperplane. 
 

2. Classifytwoclasses. 
 

3. Findhyperplaneforsegregatingtoclasses. 
 

4. Plotthedatapointsonxandyaxis. 
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4.4 LOGISTICREGRESSIONALGORITHM 
 

1. GuessingprobabilitiesusingbasiclogisticFunction. 

2. TheytransformedintobinaryvaluesforPrediction. 
 

3. Mapsvaluesbetweentherange0and1. 
 
 
 
 

 

Fig4.1AlgorithmsDescription 

 
Machinelearningcanbegroupedintotwobroadlearningtasks:Supervised 

andUnsupervised.Thereare manyotheralgorithms: 

 
4.5 SUPERVISEDLEARNING 

 
An algorithm uses training data and feedback from humans to learn 

therelationship of given inputs to a given output. For instance, a practitioner can 

usemarketingexpenseandweatherforecastasinputdatatopredictthesalesofcans. 

 
Youcanusesupervisedlearningwhentheoutputdataisknown.Thealgorithmwillp

redictnewdata. 

 
Therearetwocategoriesofsupervisedlearning: 
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 Classificationtask 

 Regressiontask 

 
1. Classification 

 
Imagine you want to predict the gender of a customer for a 

commercial.You will start gathering data on the height, weight, job, salary, 

purchasing basket,etc. from your customer database. You know the gender of 

each of your customer,it can only be male or female. The objective of the classifier 

will be to assign 

aprobabilityofbeingamaleorafemale(i.e.,thelabel)basedontheinformation(i.e., 

features you have collected). When the model learned how to recognize maleor 

female, you can use new data to make a prediction. For instance, you just 

gotnewinformationfromanunknowncustomer,andyouwanttoknowifitisamaleor 

female. If the classifier predicts male = 70%, it means the algorithm is sure 

at70%thatthis customeris amale,and30% it is afemale. 

 
The label can be of two or more classes. The above example has only 

twoclasses, but if a classifier needs to predict object, it has dozens of classes 

(e.g.,glass,table,shoes,etc.eachobjectrepresentsaclass) 

 
2. Regression 

 
Whentheoutputisacontinuousvalue,thetaskisaregression.Forinstance, a 

financial analyst may need to forecast the value of a stock based on arange of 

feature like equity, previous stock performances, macroeconomics index.The 

system will be trained to estimate the price of the stocks with the 

lowestpossibleerror. 

 
 
 
 
 

Linear Findsawaytocorrelateeachfeaturetothe Regression 

Algorithm 

Name 

Description Type 
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regression outputtohelppredictfuturevalues. 
 

Logisticre

gression 

Extension of linear regression that's used 

forclassification tasks. The output variable 

3isbinary(e.g.,onlyblackorwhite)ratherthan 

Classification 

 continuous (e.g.,aninfinitelist 

ofpotentialcolors) 

 

Decisiontree Highly interpretable classification or Regression 

 regressionmodelthatsplitsdata-feature 

valuesintobranchesatdecisionnodes 

Classification 

 (e.g.,ifafeatureisacolor,eachpossible 

colorbecomesanewbranch)untilafinal 

 

 decisionoutputismade  

NaiveBayes TheBayesianmethodisaclassificationmethodt

hatmakesuseoftheBayesiantheorem.Thethe

oremupdatestheprior 

RegressionC

lassification 

 knowledgeofaneventwiththeindependent 

probabilityofeachfeature  thatcanaffect 

 

 theevent.  

 

Support

vectorm

achine 

SupportVectorMachine,orSVM,istypicallyuse

dfortheclassificationtask.SVMalgorithmfinds

ahyperplanethatoptimally divided the 

classes. It is best usedwith anon-

linearsolver. 

Regression(notv

erycommon)Clas

sification 

 
 

 

Random 

forest 

Thealgorithmisbuiltuponadecisiontreeto Regression 

improvetheaccuracydrastically.Random Classification 

forest generates many times simple 
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AdaBoost  

Classificationorregressiontechniquethatuses

amultitudeofmodelstocomeupwitha decision 

but weighs them based on 

theiraccuracyinpredictingtheoutcome 

RegressionC

lassification 

 
 

 
Table4.1SupervisedLearningAlgorithms 

 
4.6 UNSUPERVISEDLEARNING 

 
In unsupervised learning, an algorithm explores input data without 

beinggiven an explicit output variable (e.g., explores customer demographic data 

toidentifypatterns) 

 
Youcanuseitwhenyoudonotknowhowtoclassifythedata,andyouwantthealgorit

hmtofindpatternsandclassifythedataforyou 

 
 
 
 

Gradient-

boosting 

trees 

Gradient-boostingtreesisastate-of-the-art Regression 

classification/regression technique. It is Classification 

focusingontheerrorcommittedbythe 

previoustreesandtriestocorrectit. 

decision trees and uses the 'majority 

vote'method to decide on which label to 

return.For the classification task, 

thefinalprediction will be the one with the 

most vote;while for the regression task, the 

averageprediction of all the trees is the 

finalprediction. 

Algorithm Description Type 
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K-means Putsdataintosomegroups(k)thateach Clustering 
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clusteringcontains data with similar characteristics 

(asdetermined by the model, not in advance 

byhumans) 

Hierarchical

clustering 

Splitsclustersalongahierarchicaltreetoformac

lassificationsystem. 

 
Can be used for Cluster loyalty-

cardcustomer 

Clustering 

 

 

PCA/T-SNE       Mostly used to decrease the 

dimensionalityofthedata.Thealgorithmsreduc

ethenumber of features to 3 or 4 vectors 

with thehighestvariances. 

Dimension

Reduction 

 

Table4.2UnsupervisedLearningAlgorithms 

 
 

4.7 REQUIREMENTANALYSIS 

Requirement analysis determines the requirements of a new system. 

Thisproject analyses on product and resource requirement, which is required for 

thissuccessfulsystem.Theproductrequirementincludesinputandoutputrequirementsit

givesthewantsintermofinputtoproducetherequiredoutput.The resource requirements 

give in brief about the software and hardware that 

areneededtoachievetherequiredfunctionality. 

4.7.1 HardwareEnvironment 

The hardware requirements may serve as the basis for a contract for 

theimplementation of the system and should therefore be a complete and 

consistentspecificationofthewhole system.Theyareusedbysoftware 

engineersasthe 

Recommend Helptodefinetherelevantdataformaking Clustering 

ersystem arecommendation. 

Gaussian 

mixture

model 

Ageneralizationofk-meansclusteringthat

 Clustering

providesmoreflexibilityinthesizeand 

shapeofgroups(clusters 
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starting point for the system design. It shows what the systems do and not how 

itshouldbeimplemented. 

 Harddisk : 40GB 

 Monitor : 15’colourwithVGIcard support 

 Ram : 4GBDDRam 

 Processor : Pentiumivandabove(or)equivalent 

 Processorspeed : Minimum500MHZ 

4.7.2 SoftwareEnvironment 

The software requirements are the specification of the system. It 

shouldinclude both a definition and a specification of requirements. It is a set of 

what thesystem should do rather than how it should do it. The software 

requirementsprovide a basis for creating the software requirements specification.It 

is useful inestimating cost, planning team activities, performing tasks and tracking 

the team ’sandtrackingtheteam’sprogressthroughoutthedevelopmentactivity. 

 Operatingsystem :       Windows 

 Frontend :       MySQL 

 Backend :       Python 

 
 SOFTWAREFEATURES

1. Python2.7 

 
2. AnacondaNavigator 

 
4.8 PYTHON 

Python is a general-purpose, versatile and popular programming 

language.It's great as a first language because it is concise and easy to read, and it 

is also agood language to have in any programmer's stack as it can be used for 

everythingfromwebdevelopmenttosoitware developmentandscientificapplications. 

It has simple easy-to-use syntax,making it the perfect language for 

someonetryingtolearncomputerprogrammingforthefirsttime. 

4.8.1 FeaturesOfPython 

A simple language which is easier to learn, Python has a very simple 

andelegant syntax. It's much easier to read and write Python programs compared 

tootherlanguageslike:C++,Java,C#.Pythonmakesprogrammingfunandallows 
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you to focus on the solution rather than syntax. If you are a newbie, it's a 

greatchoicetostartyourjourneywithPython. 

 Freeandopensource

You can freely use and distribute Python, even for commercial use. 

Notonlycanyouuseanddistributesoftware’swritteninit,youcanevenmakechanges to 

the Python's source code. Python has a large community 

constantlyimprovingitineachiteration. 

 Portability

You can move Python programs from one platform to another, and run 

itwithoutanychanges. 

ItrunsseamlesslyonalmostallplatformsincludingWindows,MacOSXandLinux. 

 ExtensibleandEmbeddable

Supposeanapplicationrequireshighperformance.Youcaneasilycombine 

pieces of C/C++ or other languages with Python code. This will give 

yourapplicationhighperformanceaswellasscriptingcapabilitieswhichotherlanguages

may notprovideoutofthebox. 

 High-levelInterpretedlanguage

UnlikeC/C++,youdon’thavetoworryaboutdauntingtaskslikememorymanag

ement,garbage collectionandsoon. 

Likewise, when you run Python code, it automatically converts your code to 

thelanguage your computer understands. You don't need to worry about any 

lowerleveloperations. 

 Largestandardlibrariestosolvecommontasks

Pythonhasanumberofstandardlibrarieswhichmakeslifeofaprogrammer 

much easier since you don't have to write all the code yourself. 

Forexample:NeedtoconnectMySQLdatabaseonaWebserverYoucanuseMySQLdb 

library using import MySQL db Standard libraries in Python are welltested and 

used byhundreds of people. So youcan be surethat it won'tbreakyourapplication. 

 Object-oriented

Everything in Python is an object. Object oriented programming 

(OOP)helpsyousolve acomplexproblemintuitively. 

With OOP, you are able to divide these complex problems into smaller sets 

bycreatingobject 



28 
 

4.8.2 HistoryAndVersionsOfPython 

Pythonispredominantlyadynamictypedprogramminglanguagewhich was 

initiated by Guido van Rossum in the year 1989. The major designphilosophy that 

was given more importance was the readability of the code 

andexpressinganideainfewerlinesofcoderatherthantheverbosewayofexpressing 

things as in C++ and Java [K-8][K-9]. The other design philosophy thatwas worth 

mentioning was that, there should be always a single way and a singleobvious 

wayto expressagiventaskwhichiscontradictorytoother languagessuch as C++, Perl 

etc. [K-10]. Python compiles to an intermediary code and this inturn is interpreted 

by the Python Runtime Environment totheNativeMachineCode. The initial versions 

of Python were heavily inspired from lisp (for 

functionalprogrammingconstructs).Pythonhadheavilyborrowedthemodulesystem,ex

ception model and also keyword arguments from Modula-3 language [K-

10].Pythons’ developers strive not to entertain premature optimization, even though 

itmight increase the performance by a few basis points [K-9]. During its design, 

thecreatorshadconceptualizedthelanguageasbeingaveryextensiblelanguage,and 

hence they had designed the language to have a small core library which 

wasextended by a huge standard library [K-7]. Thus as a result, python is used as 

ascripting language as it can be easily embedded into any application, though it 

canbe used to develop a full-fledged application. The reference implementation 

ofpython is CPython. There are also other implementations like Jython, Iron 

Pythonwhich can use python syntax as well as can use any class of Java (Jython) 

or .Netclass (Iron Python). Versions: Python has two versions 2.x version and 3.x 

version.The 3.x versionisabackwardincompatible release wasreleased 

tofixmanydesignissues which plagued the 2.x series.The latest inthe 2.x seriesis 

2.7.6andthe latestin3.xseriesis3.4.0.1.5.2Paradigms:Python supportsmulti-

paradigmssuchas:Object-

Oriented,Imperative,Functional,Procedural,andReflective.InObject-

OrientedParadigm,PythonsupportsmostoftheOOPsconceptssuchasInheritance(Itals

ohassupportforMultipleInheritance),Polymorphism but its lack of support for 

encapsulation is a blatant omission asPython doesn’t have private, protected 

members: all class members are public [K-11]. Earlier Python 2.6 versions didn’t 

support some OOP’s concepts such asAbstraction throughInterfaces and Abstract 

Classes [K-19]. 1.5.3 
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Compilation,ExecutionandMemoryManagement:Compilation,ExecutionandMemory 
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Management:21AComparativeStudiesofProgrammingLanguages(Comparative 

Studies of Six Programming Language) Just like the other ManagedLanguages, 

Python compiles to an intermediary code and this in turn is interpretedby the 

Python Runtime Environment to the Native Machine Code. The 

referenceimplementation (i.e. CPython) doesn’t come with a JIT compiler because 

of whichtheexecutionspeedisslowcomparedtonativeprogramminglanguages[K-

17].We can use PyPy interpreter as it includes a JIT compiler rather than using 

thePython interpreter that comes by default with the python language, if speed 

ofexecution is one of the important factors [K-18]. The Python Runtime 

EnvironmentalsotakescareofalltheallocationanddeallocationofmemorythroughtheGa

rbage Collector. When a new object is created, the GC allocates the 

necessarymemory,andoncetheobjectgoesoutofitsscope,theGCdoesn’treleasemem

ory immediately but instead it becomes eligible for Garbage Collection, 

whichwouldeventuallyreleasethememory.Butthemaindisadvantageinhavingpython 

as a dynamic programming language is that there would be no way toguarantee 

that a particular piece of code would run successfully for all the differentdata-

typesscenariossimplybecauseithadrunsuccessfullywithonetype.Basically, we don’t 

have any means to find out an error inthe code, till the 

codehasstartedrunning.1.5.4StrengthsandWeaknessesandApplicationAreas:Pytho

nispredominantlyusedasascriptinglanguageusedindevelopingstandalone 

applications that are being developed with Static-Typed 

languages,becauseoftheflexibilityitprovidesduetoitsdynamictypednature.Pythonfavo

urs rapid application development, which qualifies it to be used for 

prototyping.Toacertainextent,Pythonisalsousedindevelopingwebsites.Duetoitsdyna

mic typing and of the presence of a Virtual Machine, there is a 

considerableoverhead which translates to way less performance when we compare 

with nativeprogramminglanguages [K-13].Andhenceit is notsuited. 

 
4.8.3 AnacondaNavigator 

 
Anaconda Navigator is a desktop graphical user interface (GUI) 

includedin Anaconda distribution that allows you to launch applications and easily 

managecondapackages,environmentsandchannelswithoutusingcommand-line 
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commands. Navigator can search for packages on Anaconda Cloud or in a 

localAnacondaRepository. It isavailableforWindows,macOS andLinux. 

In order to run, many scientific packages depend on specific versions 

ofotherpackages.Datascientistsoftenusemultipleversionsofmanypackages,anduse

multiple environmentstoseparatethesedifferentversions. 

The command line program conda is both a package manager and 

anenvironment manager, to help data scientists ensure that each version of 

eachpackage hasallthedependenciesitrequiresandworkscorrectly. 

Navigatorisaneasy,point-and-

clickwaytoworkwithpackagesandenvironments without needing to type conda 

commands in a terminal window. Youcan use it to find the packages you want, 

install them in an environment, run thepackagesandupdatethem,all 

insideNavigator. 

 
 WhatApplicationsCanIAccessUsingNavigator?Thefollo

wingapplicationsareavailablebydefaultinNavigator:

1. JupyterLab 

2. JupyterNotebook 

3. QTConsole 

4. Spyder 

5. VSCode 

6. Glueviz 

7. Orange3App 

8. Rodeo 

9. RStudio 

Advancedcondauserscanalsobuildyourown Navigatorapplications 

 
 HowcanIruncodewithNavigator?

 
ThesimplestwayiswithSpyder.FromtheNavigatorHometab,clickSpyder,andwrit

eandexecuteyourcode. 

You can also use Jupyter Notebooks the same way.

 JupyterNotebooksarean increasinglypopularsystemthat combine 
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yourcode,descriptive 
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text,output,imagesandinteractiveinterfacesintoasinglenotebookfilethatisedited,viewedand

usedinawebbrowser. 

 
 What’snewin1.9?

 
1. AddsupportforOfflineModeforallenvironmentrelatedactions. 

2. Addsupportforcustomconfigurationofmainwindowslinks. 

3. Numerousbugfixesandperformanceenhancements. 

 
 

 Python’SStandardLibrary

 
1. Pandas 

 
2. Numpy 

 
3. Sklearn 

 
4. tkMessageBox 

 
5. matplotlib 

 
4.8.4 Numpy 

 
NumPyisthefundamentalpackageforscientificcomputinginPython.Itis a 

Python library that provides a multidimensional array object, various derivedobjects 

(such as masked arrays and matrices), and an assortment of routines forfast 

operations on arrays, including mathematical, logical, shape 

manipulation,sorting,selecting,I/O,discreteFouriertransforms,basiclinearalgebra,bas

icstatisticaloperations,randomsimulationandmuchmore.AtthecoreoftheNumPy 

package, is the ndarray object. This encapsulates n-dimensional arrays 

ofhomogeneous data types, with many operations being performed in compiled 

codefor performance. There are several important differences between NumPy 

arraysand the standard Python sequences: • NumPy arrays have a fixed size at 

creation,unlike Python lists (which can grow dynamically). Changing the size of an 

ndarraywillcreateanewarrayanddeletetheoriginal.•TheelementsinaNumPyarrayare 

all required to be of the same data type, and thus will be the same size 

inmemory.Theexception:onecanhavearraysof(Python,includingNumPy) 
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objects, thereby allowing for arrays of different sized elements. • NumPy 

arraysfacilitate advanced mathematicaland other typesof operations on 

largenumbersof data.Typically,such operationsare executed more efficientlyand 

with lesscode than is possible using Python’s built-in sequences. • A growing 

plethora ofscientificandmathematicalPython-

basedpackagesareusingNumPyarrays;though these typically support Python-

sequence input, they convert such input toNumPy arrays prior to processing, and 

they often output NumPy arrays. In 

otherwords,inordertoefficientlyusemuch(perhapsevenmost)oftoday’sscientific/math

ematical Python-based software, just knowing how to use Python’sbuilt-in 

sequence types is insufficient - one also needs to know how to use NumPyarrays. 

The points about sequence size and speed are particularly important inscientific 

computing. As a simple example, consider the case of multiplying eachelement in a 

1-D sequence with the corresponding element in another sequence 

ofthesamelength.IfthedataarestoredintwoPythonlists,aandb,wecoulditerateovereac

helement. 

 
TheNumericPythonextensions(NumPyhenceforth)isasetofextensionstoth

ePythonprogramminglanguagewhichallowsPythonprogrammers to efficiently 

manipulate large sets of objects organized in grid-likefashion. These sets of objects 

are called arrays, and they can have any number ofdimensions: one dimensional 

arrays are similar to standard Python sequences,two-dimensional arrays are 

similar to matrices from linear algebra. Note that one-dimensional arrays are also 

different from any other Python sequence, and thattwo-dimensional matrices are 

also different from the matrices of linear algebra, inways which we will mention 

later in this text. Why are these extensions needed?The core reason is a very 

prosaic one, and that is that manipulating a set of amillion numbers in Python with 

the standard data structures such as lists, tuples orclasses is much too slow and 

uses too much space. Anything which we can do inNumPy we can do in standard 

Python – we just may not be alive to see theprogram finish. A more subtle reason 

for these extensions however isthat 

thekindsofoperationsthatprogrammerstypicallywanttodoonarrays,whilesometimes 

very complex, can often be decomposed into a set of fairly 

standardoperations.Thisdecompositionhasbeendevelopedsimilarlyinmanyarraylang
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uages.Insomeways,NumPyissimplytheapplicationofthisexperienceto 
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thePythonlanguage–

thusmanyoftheoperationsdescribedinNumPyworkthewaytheydobecauseexperience

hasshownthatwaytobeagoodone,inavarietyofcontexts.Thelanguageswhichwereused

toguidethedevelopmentofNumPy include the infamous APL family of

 languages, Basis,

 MATLAB,FORTRAN,SandS+,andothers.Thisheritagewillbeobvious 

tousersofNumPywhoalreadyhaveexperience with these other languages.This 

tutorial,however,doesnotassumeanysuchbackground,andallthatisexpectedoftheread

erisareasonable working knowledgeof the standard Pythonlanguage. Thisdocument 

isthe“official”documentationforNumPy.Itisbothatutorialandthemostauthoritativesourc

eof information about NumPy withthe exceptionof the sourcecode. The tutorial 

material willwalk youthroughaset of manipulations of 

simple,small,arraysofnumbers,aswellasimagefiles.Theresultofvariousmanipulationsc

anbedisplayedsimplysincethedatasethasanaturalgraphicalrepresentation. 

AllusersofNumPy,whetherinterestedinimageprocessingornot,are 

encouragedtofollowthetutorialwithaworkingNumPyinstallationattheirside,testingthe 

examples,and,moreimportantly,transferringtheunderstanding 

gainedbyworkingonimagestotheirspecificdomain.Thebestwaytolearnisbydoing–

theaimofthis tutorial istoguideyoualongthis“doing.” 
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CHAPTER 

5RESULT 

 
The proposed system is trained and tested over the dataset taken 

fromYahoo Finance. It is split into training and testing sets respectively and yields 

thefollowingresultsuponpassingthroughthedifferentmodels.Ourexperimentalresults 

incontestable the existence of dependence between e-mail communicationnetwork 

and stock worth for Enron the contributions of the planned 

algorithmicprogrammaybecharacterizedasbelow.First,wetendtouse“adjustedresidua

l”tofindtheconnectionbetweene-mailcommunicationfrequencyandstockworth. 

 
The result of application of linear regression algorithm on the dataset 

topredictvaryingpriceswithrespecttothetime.Therefore,joinforcescommunication 

patterns will function an honest proxy to predict a company’s stockperformance. 

 
OUTPUT 

 

 

 

Fig5.1FinalOutput 
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CHAPTER6CONCLUSIO

NANDFUTUREWORK 

 
CONCLUSION 

Thefindingsandtheoreticalimplicationsfromthispaperare2-fold.On one 

hand, we tend to capture the communications among nodes in Enron’smajor 

company communication network and identified employees’ 

communicationpatterns.Thispaperdemonstratesthatacompanye-

mailschemecontainssignificant data concerning employees’ communication 

patterns. notwithstandingwe tend to solely concentrate on the communication 

frequency, an organization(Enron in our case) has identifiable patterns of e-mail 

exchange. Such 

identifiablepatternswillrevealnecessarydataconcerningmajorcompanyactivitiesandst

ructure stability which will later influence the focal company’s performance 

withinthe securities market.The “adjusted residual” live is probabilistic, thus it will 

workeffectively even once the periods of the stock knowledge covered are unequal 

withmissingorinaccuratevalues.Instead,ourpredictionrulecannotsolelyoffercondition 

half and conclusion half, howeveradditionallygift the weighted halffortheprinciples. 

 
FUTUREENHANCEMENT 

 
 

Thisprojecthassomelimitationsthatopenfascinatingopportunitiesfor 

future analysis. First, during this paper, we tend to solely create use of 

thecommunication frequency between completely different individuals within the e-

mail communication network. we can utilize text-mining algorithms to investigate e-

mail content andcreate our experimental results alot ofcorrect for predictingstock 

worth movements. Second, during this paper, we tend to rework 

originalinformationintoseparateinformationasnone,weak,andstrong.Afuturestudywill 

consider modeling the communication level of none, weak, and robust with 

theutilization of fuzzy sets. Last however not least, a future study will create use of 

inpublic out their comments like those on social network sites (e.g., Twitter 

andFacebook)topredictacompany’sstockcosts.duringthisdirection,futureworkwillext

endouralgorithmicrulebytogetherwithtext-miningmethodsforanalyzing 
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the content of comments on social network sites and determine the patterns 

andrelationships between corporate/consumer communication and companies’ 

stockworth. Finally, we tend to conclude that it's possible to use computation ways 

likealgorithms and data-mining techniques to explore a corporation’s 

communicationpatterns and utilize such patterns to predict a corporation’s structure 

performancelikestockperformance.Thispaperprovidesaspringboardtoeachresearch

ersand practitioners to any apply algorithms within the areas of knowledge 

science,management, and financelikefor theinvestigation ofthe 

communicationandstructure performance. we glance forward to a lot of studies that 

repose on ourprojectedalgorithmsand 

extendourfindingsfromEnrontogeneralcompanyanalysis. 
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APPENDIX 

 

A. SOURCECODE 

fromsklearn.svmimportSVC 

from sklearn.ensemble import 

GradientBoostingClassifierfromsklearn.metricsimportscor

er 

from sklearn.metrics import 

accuracy_scoreimportpandasaspd 

importnumpyasnp 

import matplotlib.pyplot as 

pltimportseaborn 

from sklearn.model_selection import 

train_test_splitimporttime 

import 

warningswarnings.filterwarnings

("ignore")d=pd.read_excel("Boo

k3.xlsx")d.head() 

d.rename(columns=lambda x: x.strip(), 

inplace=True)d.describe()da=d[(d['TRADINGCODE']=='GP')

].sort_values('DATE',ascending=False).reset_index(drop=T

rue)da=da[da['TRADE']!=0] 

plt.figure(figsize=(12,6))plt.plot(da

['DATE'], 

da['CLOSEP'])plt.xlabel('Time 

Points')plt.ylabel('CLOSEP') 

plt.title('Time Series Plot of '+da.loc[1, 'TRADING 

CODE'])importplotlyas py 

import plotly.graph_objects as 

gofromdatetimeimportdatetime 

from plotly.offline import download_plotlyjs, init_notebook_mode, 

plot,iplotinit_notebook_mode(connected=True) 

trace=go.Candlestick(x=da['DATE'], 
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open=da['OPENP'],

high=da['HIGH'], 

low=da['LOW'],close

=da['CLOSEP']) 

dat=[trace]

iplot(dat) 

importmpl_finance 

from mpl_finance import 

candlestick_ohlcimportmatplotlib.datesas

mdates 

# Converting date to pandas datetime 

formatda['DATE'] = 

pd.to_datetime(da['DATE'])da['DATE']=da['DATE'].

apply(mdates.date2num) 

ohlc=da[['DATE','OPENP','HIGH','LOW','CLOSEP']] 

f1,ax=plt.subplots(figsize=(16,8)) 

candlestick_ohlc(ax, ohlc.values, width=40.6, colorup='green', 

colordown='red')ax.xaxis.set_major_formatter(mdates.DateFormatter('%m/%y')

) 

import seaborn as 

snsimport pandas as 

pdimportnumpyasnp 

import matplotlib.pyplot as 

pltimportmatplotlib.datesasmdate

s 

%matplotlibinline 

sns.set(style='darkgrid', context='talk', 

palette='Dark2')my_year_month_fmt=mdates.DateFormatte

r('%m/%y') 

data_1 = 

pd.read_excel('Sampledata.xlsx',index_col=[0,1,2,3,4])data_1.h

ead(10) 

Fitting 3 folds for each of 32 candidates, totalling 96 

fits[CV]C=1,gamma=1,kernel=linear..................................... 
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[CV]......................C=1,gamma=1,kernel=linear,total=

 0.0s

[CV]C=1,gamma=1,kernel=linear..................................... 

[CV]......................C=1,gamma=1,kernel=linear,total=

 0.0s

[CV]C=1,gamma=1,kernel=linear..................................... 

[CV]......................C=1,gamma=1,kernel=linear,total=

 0.0sestimator=SV

C(C=1.0,cache_size=200,class_weight=None,coef0=0.0, 
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decision_function_shape='ovr', degree=3, gamma='auto', 

kernel='rbf',max_iter=-1, probability=False, random_state=None, 

shrinking=True,tol=0.001,verbose=False), 

fit_params=None,iid=True,n_jobs=1, 

param_grid={'C': [1,10,100,1000],'gamma':[1,0.1,0.001,0.0001],'kernel':[' 

linear','rbf']}, 

pre_dispatch='2*n_jobs', refit=True, 

return_train_score='warn',scoring=None,verbose=2) 

grid.best_params_ 

{'C': 10, 'gamma': 0.1, 'kernel': 

'rbf'}Predic=grid.predict(X_test) 

from sklearn.ensemble import 

RandomForestClassifierrandom_forest = 

RandomForestClassifier(n_estimators=100)random_forest.fit

(X_train,y_train.values.ravel()) 

RandomForestClassifier(bootstrap=True, class_weight=None, 

criterion='gini',max_depth=None, max_features='auto', 

max_leaf_nodes=None,min_impurity_decrease=0.0, 

min_impurity_split=None,min_samples_leaf=1, 

min_samples_split=2,min_weight_fraction_leaf=0.0, 

n_estimators=100, n_jobs=1,oob_score=False, random_state=None, 

verbose=0,warm_start=False) 

from sklearn import 

metricslabels= ['Yes','No'] 

rf_cm=confusion_matrix(y_test, 

y_pred)print(rf_cm) 

fig=plt.figure() 

ax = 

fig.add_subplot(111)cax 

= 

ax.matshow(rf_cm)fig.col

orbar(cax) 

ax.set_xticklabels([''] + 

labels)ax.set_yticklabels([''] + 
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labels)plt.xlabel('Predicted')plt

.ylabel('True') 

plt.show() 
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from sklearn import 

svmclfs=svm.SVC() 

start = 

time.time()print(start)

clfs.fit(X_train,y_train) 

SVC(C=1.0, cache_size=200, class_weight=None, 

coef0=0.0,decision_function_shape='ovr', degree=3, gamma='auto', 

kernel='rbf',max_iter=-1, probability=False, random_state=None, 

shrinking=True,tol=0.001,verbose=False) 

labels = ['Yes', 

'No']svm_cm=confusion_matrix(y_test, 

svm_pred)print(svm_cm) 

fig=plt.figure() 

ax = 

fig.add_subplot(111)cax = 

ax.matshow(svm_cm)fig.col

orbar(cax) 

ax.set_xticklabels([''] + 

labels)ax.set_yticklabels([''] + 

labels)plt.xlabel('Predicted')plt

.ylabel('True') 

plt.show() 

from sklearn.linear_model import 

LogisticRegressionlr=LogisticRegression() 

start_lr=time.time()lr.fit(X_train,

y_train) 

LogisticRegression(C=1.0, class_weight=None, dual=False, 

fit_intercept=True,intercept_scaling=1, max_iter=100, multi_class='ovr', 

n_jobs=1,penalty='l2', random_state=None, solver='liblinear', 

tol=0.0001,verbose=0, warm_start=False) 

lr_pred=lr.predict(X_test)end

_lr=time.time()lr_time=end_lr

-

start_lrprint(lr.score(X_test,y
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_test))lr_acc=lr.score(X_test,

y_test) 
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labels = ['Yes', 

'No']lr_cm=confusion_matrix(y_test, 

lr_pred)print(lr_cm) 

fig=plt.figure() 

ax = 

fig.add_subplot(111)cax 

= 

ax.matshow(lr_cm)fig.col

orbar(cax) 

ax.set_xticklabels([''] + 

labels)ax.set_yticklabels([''] + 

labels)plt.xlabel('Predicted')plt

.ylabel('True') 

plt.show() 

import matplotlib.pyplot as plt; 

plt.rcdefaults()importnumpyasnp 

importmatplotlib.pyplotasplt 

objects = ('Random Forest','SVM','Logistic 

Regression')y_pos=np.arange(len(objects)) 

performance=[rf_acc,svm_acc,lr_acc] 

plt.bar(y_pos, performance, align='center', 

alpha=0.5)plt.xticks(y_pos,objects) 

plt.ylabel('Rated')plt.title('Algorit

hm Performance')plt.show() 

import matplotlib.pyplot as plt; 

plt.rcdefaults()importnumpyasnp 

importmatplotlib.pyplotasplt 

objects = ('Random Forest','SVM','Logistic 

Regression')y_pos=np.arange(len(objects)) 

performance = 

[rf_time,svm_time,lr_time]plt.bar(y_pos, performance, 

align='center', alpha=0.5)plt.xticks(y_pos,objects) 

plt.ylabel('Time 

Rate')plt.title('Algorithm Time 
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Efficiency')plt.show() 
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Featureextractionbasedreinforcementlearningmachineforstockpricepred

iction B.Ganesh Reddy [1], B. Sai Manikanta [2], DR. 

L.Lakshmanan[3].[1],[2]UGStudent,DepartmentofComputerSciencean

d Engineering , Sathyabama Institute of Science and 

Technology.[3]Professor,DepartmentofComputer science and 

Engineering,Sathyabama Institute of Science and TechnologyAbstract—To 

analysisstockmovement,thesentimentalanalysisfromsocialmedia.Torealizet

he technique which predicts the stock move correctly. Social 

mediagives strong path for people’s opinions. It contributes to 

sentimentanalysis that predicts data from text. Main goal is 

differentiate eithernegative or positive text. Classifiers are created for 

social media datalike reviews of product, blogs, and emails. As 

complexity increases, ofdata sources, the time has come to re-check 

the quality 

extractionmethods.Toconcludetheseisincrediblyadvancedmethodanddiffer

entfactorsmightbethoughtformarketadditionalcorrectlywithefficiency.Ke

ywords—Python,RandomForest,SVM,Logistic Regression. 

I.INTRODUCTION These project predict the future value of a stock 

fromsocialmedia.Socialmediaprovidesastrongpathforpeople’sopinions.A

nalysis of social media is strongly linked to sentiment analysis. It 

isusedtoextractopinionsfromdata.DataminingmethodologieslikeNLP,Ran

domforest,Neuralnetworkisusedforanalyzingsocialcontentandimproves 

the average accuracy. Previous analysis reveals the existenceof 

attention withdrawing patterns. These patterns are helpful 

inpredicting product sales and stock costs. Company network 

connectsstaffinaveryhugecorporation.Ifhumancommunicationpatternsa

rediscoveredwithinthesocialnetworkstopredictproductsalesorstock 
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performance,itsurprisessuchpatternsadditionally.II.RELATEDWORK 

E.Maiorino[1]Twoseriouschallengesareassociatedwithfinancialtimeseries. 

It’s not convenient to copy volatility effect so direct, so 

neuralnetworkalongwithEMD[3]–

[4]anddetrending[7]wasusedtoavoidit.ThelogicalideabehindEMDforsend

ingpurposes,dividingsignalintoIMF parts, the remaining parts will 

decrease the complication of timeseries, separating oscillations and 

parts at unique scales, increasingforecasting exactly at accurate time 

outlook. The work [2], [5] thatanalyse the extraction of useful 

characteristics from time series 

hadreceivedhugeattention.F.X.DAI[6]usesHASFalgorithmforHealthapps,th

atcontainssamplingwhichisnon-uniformandnaturallybuilttomissing data. 

Z.WANG [7] For a better performance required horizonfilters are 

designed. The inputs are non stationary, [13]–[14] 

joinedStaticWaveletalongsomepredictionmethodsgivesapathtodescribet

ime series used in prediction of stock market. Research shows 

foranalyzing multivariate time series is provided by bridging 

multiresolution wavelet and complex network. In trend analysis a 

mostcommon challenge is data problem missing. Traditional 

methodsreplacingmissingdatarestrictstheseassumptionsaboutfaultstatist

ics. 

G.E.P.Box[8].Forbothnonstationaryandstationaryconditionsananalysis 

method classical time series is proposed. The ARIMA model 

isoneoftheimportanttimeseriesmodel.ARIMAmodelispopularbecauseof 

its statistical properties. Non stationary time series data is on whatthis 

model depends on. [9] F.E TAY and Kim [1 For best 

predictionperformancestudieddifferentparametersofSVM.TheworkofHas

san,Nath[11],DhingraandGupta[12]shows(HMM)HiddenMarkovModelis 

used on price forecasting and isreallybetter than ANN and 

ARIMAmethod inaccurate price prediction, to guidetheselection 

ofparameters which is easily influenced by people. L. ZANG 

[15]Tocapture the multi frequency trading patterns from past data to 

makeshortpredictionsanovelstatefrequencymemorynetworkisinvented.To 

splitthe hidden states of memory cells 

intodifferentfrequencycomponentsSFMwasused.Toextractfrequentpatternfr

omvariedtime series andtocombine withclassificationorregressionmodel 

tohave the prediction of constant data patterns mostly all of these 

worksusesneuralnetwork.III.PROPOSEDSYSTEMFromblogs,socialmedia

etcandalmosteverywheretheopinionscanbefoundout.Thevacancyof 

opinions are difficult to find out by the users when the data is toomuch 

though the opinions are helpful. The important task of 

compilingopinions has become huge feeling among NLP and Random 

Forestcommunities. The text data of opinions contains data like 

articles fromblog, and numerical data like rating. For example, 

sentiment predictionon product reviews gives a general idea of users 

feels about 

theparticularproduct.Iftheuserwanthugespecifics,thenthetopicbasedsu

mmarymaybemoreuseful.It’sgoalisforhelpinguserstoknowtheavailability

oftheopinionsingoodmanner.Approachesusedforreducingworkaredifficult

,somanyareasofresearchlikeclustering,prediction,Random Forest,etc. 

Some depends upon easy heuristics,and others usestrong models. 

ADVANTAGES IN PROPOSED SYSTEM: a. Describes themethods in 

different ways and in direct manner. b. Provides variousaspects of 

evaluation in opinion summarization. Data Natu Pre- set ralProce Algo 

rith m Rand om Fores Neur al Pre- proce Pre- proce Fig 3.1Proposed 

System 1V. ALGORITHMS Algorithm 4.1: Random forestAlgorithm 1: 

Choose ‘N’ records in set of data. 2: A decision tree is tobe built based 

on records. 3: choose the desired algorithms needed.Repeat 1, 2. 4: 

Each tree classify’s where the new record belongs 

to.Thenewrecordbelongstothatwinshugevotesfinally.Algorithm4.2:SVM 

Algorithm 1: Hyper plane of right is identified. 2: Two classes 

areidentified.3:Hyperplaneofsegregateclassisfoundout.4:Datapoints 
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are plotted on x and y axis. Algorithm 4.3 :Logistic 

RegressionAlgorithm 1: Probabilities are guessed using basic logistical 

Functions.2: For prediction purpose these are transformed into binary 

values. 3:Between 0 and 1 the values are mapped. V . MODULES 

There are fourmain modules: A.)Data Collection B.)Pre processing 

C.)Data scoringD.)Result with Analysis A.) Data Collection: This data 

consists of dailyemail about stock market. Initially we try to analyze 

the NYSE thenbased on perfection we are using our model with 

accuracy data andimplement a system for investors. We started with a 

tagged data, butthere are no free sources to find such. So,we created 

our own 

webscripttoslicechatfromemailAPI.Wedailyrunthisscriptfor8hourstocolle

ctahugeamountofchat.ThenstoresinJavaScriptObjectNotation(JSON) to 

our file storage and define it. B.) Pre processing: Unwantedwords will 

prevent learning algorithm. Also increases the result withthese words. 

If these words are included then quantifiers like’ ‘a’, 

‘an’etcareused.Soweneedonlywordswithasenseof“good”or“bad”. 

Steps for pre-process data: 1. Remove hyper-text links in data. 

Forexample: “http://”. 2. 1.Remove all hyper-text links in data. 

Forexample: “http://”. 3. Removing blank spaces ,commas, full stops 

etcfrom the data. 4. Tags start with “@” be removed. We keep 

hashtagslike“#ganesh”becausesometimeshelpsusbetterunderstandthefl

ow. 

5. Take bulk chat in our data. And remove tweets with “RT” from 

dataset. C.) Data scoring: Our approach to calculate a tweet was 

simple.The problems with tweets in CSV files were they contain a lot 

of 

noisywords.Soremovethemtogetwordsofinteresttous.Consideringthis,w

e first collect a list of good, bad and neutral words in the 

dictionary.Thenwecalculatebasedontheuniquegood,badandneutralword

sonthe tweets and on the list of words. Suppose, A tweet consists of 

nwords. Now considering the score for good, bad and neutral score 

beScorepos,ScorenegandScoreneurespectivelyandnotatethesetofallgoo

d, bad and neutral words. Analysing the data with various kinds 

offields in Microsoft Excel format then it will be converted as 

commadelimited to MySQL backup through the Database. D.) Results 

alonganalysis: This contains two components.First is to collect data 

fromtwitter then scoring it.Second one is learning models. In these 

somemodelsaresimple.Basedonthesedesignswehavetoknowinterestingr

esults. Table and meta charts are us for making 

visualrepresentations.Andalsoused,3learningmodelsondatathatwehavec

ollected from a dedicated machine for 3 months. 1V. RESULTS 

ANDDISCUSSION Fig 4.1 Graph of Stock Price Prediction Output Fig 

4.4Histogram Representation Fig 4.3 Comparison of Algorithms Fig 

4.4Histogram Representation CONCLUSION This project demonstrates 

thata company e-mail scheme contains important data 

regardingemployees’communicationpatterns.Generallydon’tconcentrate

onthecommunication frequency. Such patterns will reveal necessary 

datapertaining to major company activities and structure stability, this 

mayslow down the company performance. So we use join 

forcescommunication patterns to improve company stock 

performance. forparticular problems. Analyzes the clinical data using 

Hadoop ecosystemwhere Hive and Pig used for analysis and 

MapReduce for 

processing.REFERENCES[1]E.Maiorino,andA.Sadeghian,‘‘Datadrivendetr

endingof non stationary fractal time series along echo state networks,’’ 

Inf.Sci.,vols.382–383,pp.359–373,Mar.2017. 
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