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Investment Thesis & Trading strategy
InvestmentThesis

Timeseriesforecastingin the financialmarketis oneof the moredifficult tasksdueto

the hugeamountof factorsthatmovestockprices. Manydifferentmethodshavebeen

used(differentMA, Multiple Regression,RandomWalk etc.), somemore successful

thanothers. Today,informationhasneverbeenso availablein the form of data. The

processingcapacityof computersare exceedingthat of its predecessors,creating

unparallelopportunitiesfor dataanalysis. Asaresult,machinelearning,built on learning

algorithms,haveadvanced,andby far outperformedtheir counterparts. J.P Morganhas

earmarked$10.8 billion of the annual tech budget for AI researchand several

investmentbankslooksto do the same. The potentialin this areais enormousdueto

the amountof datathesealgorithmscanusein their decisionmakingandits abilityto

learnandimprovewithoutbeingexplicitlyprogrammedto do so. Theonesto establish

themselvesin thismarketearlywill beverysuccessful,whichiswhymanybankslook to

join the race. Theaimis to usetheseadvancementsandwith helpof machinelearning

predictstockpricesin differenttimeintervals.

Why is machinelearning a good tool for time seriesforecasting?

The goalof a deepneuralnetwork(DNN) (Exhibit 2) isôsimplyõto createthe best

multi-variatemodelby testinghow muchsmallchangesin the weightof eachvariable

individually,or combined,affecttheoutcomethat themodelis setto predict. In turn,

applyingappropriateweightsto take thesefindings into account. However,regular

DNN is not very suitable for predicting time seriesdue to its incapabilityof

distinguishingbetweentimeintervals. A refinedversioncalledrecurringneuralnetworks

(RNN) havethe ability to ôrememberõpasteventsand can thereforebe usedmore

appropriately. RegularRNN alsofacesaproblemcalledôthevanishinggradientõwhichis

solved by a further refinementof RNN calledLong-Short-Term-Memory (LSTM)

whichis thestructurethatwill beusedto build thestockpricepredictor.

Recurring Neural Networks (RNN )

Recurrentmeansthe outputat the currenttimestepbecomesthe input to the next. At

eachelementof thesequence,themodelconsidersnot just thecurrentinput,but what

it remembersaboutthe precedingelements. This memoryallowsthe networkto learn

long-termdependenciesin a sequence. Learningdependenciesovertimeandtakingthe

entire context into accountwhen making a prediction, the model will learn and

hopefullyunderstandasequenceof events. In thiscaseit wouldbeidentifyingsignalsin

thepricemovementsthatcouldleadto aôpredictableõturn in thestockprice.

Long Short-Term Neural Network

At the heartof anRNN is a layermadeof memorycells. Themostpopularcellat the

momentis theLongShort-TermMemory(LSTM). Similarto regularRNN, LSTMalso

hasa cellstate(the topmostlinegoingthroughall 3 cellsin Exhibit 4), or theblueline

at exhibit 3. This is the flow of informationthat we want our model to remember,

hencetheunderlyingmemory. In asequencethecellstatewouldrecallthat theprevious

price was70.5 and takethat into accountfor the next prediction. This stateis then

modified in eachcell by so calledôOperationGatesõ. The three operationalgates

(1.Forgetgate,2. Input gateand3. Output gate)areshownin Exhibit 4. Theinput X is

passedinto eachcellandôsquashedõby eithera sigmoidor a tanhfunction(represented

by sigmaandtanhin Exhibit 4). Theforgetgatetellsthecellstatewhichinformationto

disregardand the input gateupdatesthe cell statewith the properusefulinformation

from the new input, hence the most recent stock price. The output gate then

distinguishesthe currentoutput,whichwould be the predictionfor this minutegiven

the previous. The cell state,(thepreviousmemorygoinginto this cell adjustedby the

currentoperationgatesto beup to datewith the latestinformationit wasgiven)is then

passedinto thenextmemorycellandtheflow continues.

Trading Strategy

Thestrategyiscenteredaroundbuyingwhenthepredictedvalueexceedsthecurrentfor

thegiventime interval,andshortingthestockwhenit doesnot. After optimizationthe

5 minuteintervalswerechosenasthe benchmarkusinga lessdensenetworkandthe

appropriateparametersandstructureof the networkwaschosen. An EMA wasadded

to preventthe laggedpredictionsfrom causingtoo muchvolatility in the tradesanda

stop losswasimplementedto minimizethe negativedeviations. The modelis mostly

usefulfor HF-/day-tradingsinceit doesnot takesubstantialpricechangingevents(i.e.

reports)into consideration. With that in mind,this reportaimsto usemachinelearning

algorithmsto predict the regular price movementson a momentumbasis. The

advantagewith thestrategylieswithin themodelsthemselves,theaddedstoplosslogic

and the which througha lot of optimizationhopefullyyieldsa benchmarkfor the

automatedtradingsystemduringbacktest.
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Exhibit 3 : A recurrent network *RNN), the blue line (the state) 

represents what information that gets remembered when making the 

next prediction.

Exhibit 2 : General structure of a DNN. Each circle represents a neuron 

and each line connecting it is called a node. A simple neural network 

would only have 1 hidden layer. Also, this is a multi input DNN, for stock 

price prediction only price data is used. This is merely to showcase the 

structure of a DNN.

Exhibit 4: The modified RNN called Long Short Term 

memory (LSTM) structure consisting of the 3 gates.

1. Forget

2. Input

3. Output
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Exhibit 1 :Difference between the buzzwords òArtificial Intelligence ðAI ó, 

òMachine Learningó and òDeep Learningó.



METHOD & MODEL OPTIMIZATION
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Prediction results

For training,aperiodfrom 29/ 1ð25/ 3 wasusedand

the model wasbuilt with the parametersexplained

above. Afterwards,new datawasgatheredfor back

testing, which the model never has seen before.

Severalresultscanbedrawnfrom thepredictionsand

has been used for optimization and further back

testing. Exhibit 5 displaysthe predictionfor Nordea

usingmodel2. By increasingthe densityof the layer

composition the model learns to predict more

features,hencemore detailsin the graph. This is

clearly displayedin Exhibit 6 when a less dense

composition is used and the model draws more

generalconclusionsof the pattern rather than as

detailedasExhibit 5. Both modelsareusefulsincea

too specific one might be worse off due an

unnecessaryamountof information,causinga lot of

smallmistakeswhereasa more generalcurverather

focus on bigger pattern. After cross validating

different modelson different setsof data the less

densemodelwasselectedfor the portfolio. Despite

missingseveralsmallerturnsit couldpredictthemore

generalpatternandwouldon averageperformbetter.

An important note is that despite the accurate

appearanceof Exhibit 5 the predictionsare often

laggedbehindthe realprice,leadingto big lossesif

not consideredproperly.

Due to this lag,theneedfor a stoplossanda tool to

ôsmoothenõout the predictionsare necessary. An

EMA (explainedlater in the paper)wasaddedwith

the intent to prevent the laggedpredictionsfrom

executingimpropertradesandpotentiallymissa big

jump or fall which would contradict the current

positionandleadto abig loss.

Parametes:

Lookback: Time steps to go back to predict the following price. Ex model 3, go back 20 five-minute steps to predict the next 5 minute mark.

Layer composition: How many memory cells (Exhibit 5) and hidden layers (Exhibit 3) the model is built up on. 

Regulizer: Helping methods to prevent overfitting (when the model memorize the exact pattern and can´t make any own conclusions when faced with 

new data). Dropout randomly deactivates a few neurons in the hidden layers (ex 2) at òtraining runó. Next run the other neurons are deactivated. This 

prevents the model from relying to much on a specific part and get a more general understanding. 

Optimizer: How the model goes about minimizing the error (measured in mean squared error), ôRMSpropõ and ôAdamô are two different functions 

meant to handle the same problem.

MSE: Mean squared error of the predicted and real price for all observation.

Exhibit 5: 1 minute predictions on Nordea (model 1). Dense layer composition creates ôsharperõ 

predictions.

Exhibit 6: 5 min predictions on Nordea (model 3). A less dense layer composition leads to a more soft 

curve
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Method

The objectiveis to build a programthat processgivenstockpricesandthenconvertsit into machinelearningmodelsto be usedfor predictionson new

stocks. A dataprocessplatform,the modelanda backtestingsystemwill be built usingPython. Stockswill be pickedmainlybasedon dailyturnoverand

volatility,sincethelargesvolumesandilliquiditycreatesmoreopportunitiesandhopefullymoresignalsto extract. Byoptimizingthemodeltheaimis to draw

out patternswhichcanbeexploitedandusedasaguidelinewhento buyor sellthestock.

Brief explanation to model framework
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Stock Timeframe Lookback Layer

Composition

Regulizer Optimizer MSE

1 Nordea 1 64 Dense Dropout RMSprop 0.001037

2 Nordea 1 64 Dense Dropout Adam 0.001656

3 Nordea 5 20 Less Dense Dropout RMSprop 0.005361



Trading Logic

As displayedin exhibit 7, the basiclogic reliesaroundthe intuition behindthe prediction,ratherthan the exactprice,theôcurrentõprice is the previous
prediction,sincepredictingtheexactpricewouldbeahardertaskthanjustpredictingpricemovements. After furthercross-validation,a lookbackof 20was
selectedfor the final model. Soat stage1, the predictionis checked,alsoa 15-minuteexponentiallymovingaverageis usedto decreasesomeof the other
more volatile trades. If the predictionand the EMA are headingin the samedirection,a transactionwill be performed. At stage2 (if stop loss is
implemented)the pricewill be checked3 minuteslater,if the actualpricethencontradictsthe positionit will be clearedin orderto minimizethe loss. At
stage3, the modelwill predictthe next 5 minutesand if this one contradictsthe held position,a newone will be established. This is further explained
graphicallyin exhibit8. The predictionis comparedto the movingaveragefor the previousminuteif theyboth follow the samedirection,a tradewill be
performed,signifiedby two greenarrows. As shownin nr 2 the predictionsignalsan upwardchangebut the movingaverageis still pendingdownwards,
cancelingthe potentialtrade. This patterncontinuesasdisplayedby the otherarrows. The yellowonesis an exampleof the stop losswherea tradewent
throughbut theactualminutepricewentdown,leadingto aclearedposition3 minuteslater.

TRADING LOGIC

Exhibit 8 ðLogic explained graphically 

1

1

Exhibit 7 ïLogic explained , step by step

Nordea - Trading logic explained 
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Discussion

Dueto theneedto trainamodelverycloseto thetimeinterval
of back testing,limited more recentback testing data was
availableat the time. The backtestinggavevariedresultsand
the majority gaverelativelysmall returns. Testingdata was
gatheredfrom the 8/ 4-25/ 4 resulting in 12 trading days.
Exhibit 11 displayssomeresultsfrom backtesting,yieldinga
small return at 1%, and exhibit 12 displayssome financial
statistics. One importantnote is that the averagereturn per
trade decreasesslightly with the stop loss but the volatility
decreasedby 34% (137Ą 102 SEK), implying lessrisk. A
significantBetaof 0.21wasgivenwith OMXS30asbenchmark.
A strongupsideof thisstrategyis its relativelysmallcorrelation
to the market. The benchmarkindexwill affect the asset,but
by taking both long and short positions with a lot of
transactions,the strategybecomesless sensitiveto market
movementsand would in theory perform similar despite
cyclicalmarketdeviations. Also, the testdatawhichthe model
hasnot yetseenbeforewastakena whileafter the modelwas
trained, having a more frequently updated model would
thereforeperhapslead to better results. The extremecase
would be the returnsfor the validationdataat 10%, which
impliesanoverfitted*model. Thevalidationdatais theportion
of thedatathat themodelwastrainedto optimize,usingthisas
a benchmarkfor the resultsmight not be asrealisticasusing
newdata,́ dueto theproblemof overfitting. Thefar awaytest
data is thereforea more realisticdisplayas were the model
standtodayin termsof makingmoney.

Conclusion

On average,the modelmakespositivetradesandis not losing
in the longerrun. Despitethe smallerreturns,if one would
investin thesystemtoday,thebiggestupsideis thepotentialto
improve this idea with an expandedportfolio containing
severalassets,a more in depth model and a even further
improvedstoploss. Transactioncostswill playabigroledueto
the amountof tradesbeingperformedbut the modelareable
to createenoughprofit to still makeapositivereturn. Thestop
losswasable to lower the risk while still letting the system
profit from thehigh-returntrades. Theopportunitiesto further
optimizeboth the model and the trading logic is still a big
upside. Machinelearninghasthe ability to revolutionizethe
wayassetmanagementis performed,but onecannotexpectto
reachtheseresultswithout an in depth strategy,which takes
timeto develop. This reportandthesystemhasonlyscratched
thesurfaceof itspotential. Thefuturewill presentmorerefined
techniquesandbetterprocessingcapacities,whichwill further
improvethe ability to both extractandanalyselargeamounts
of data,creatinganevenbetterenvironmentfor thisstrategyto
thrivein.

BACK TESTING RESULTS

Exhibit 12- Financial statistics from back testing

Exhibit 9 Cumulative return for test data. 

Exhibit 10: Return per transaction. The system on average makes positive trades and the stop loss 

limits the negative spread from being to large

Exhibit 11- Descriptive statistics from back testing. The ± symbol is a  

confidence interval with one standard deviation

ÅExcess 
ROI 

ÅAverage 
Daily 
return

ÅWin rateÅSharpe

D: 0.256

Y: 4.064
0.52 %

1.035 %

(Validation: 
10.169%)

0.086 ±
0.336 %

*Overfitted implies that the model has been overly adapted to suit the data. This data was not used for training itself but was used to validate the model during the process of training.

Transactions performed (164 longs, 153 
shorts)

Final capital (12 trading days)

Average return per trade

Nordea stock performance, given period

317

101 048 SEK

3.3  SEK  ±

104

1.937 % 

Diff -0.9 %
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Ansvarsbegränsning

Analyser,dokumentoch all annaninformation(Vidareóanalys(en)ó)som härrör från LINC Research&

Analysis(óLINCR&Aó(LINC är enideellorganisation(organisationsnummer845002-2259))) är framställt

i informationssyfteoch är inte avsettatt vararådgivande. Informationeni analysenskainte ansesvaraen

köp/säljrekommendationellerpåannatsättutgöraelleruppmanatill eninvesteringsstrategi.

Informationeni analysenär baseradpå källor, uppgifteroch personersom LINC R&A bedömersom

tillförlitliga, men LINC R&A kan aldrig garanterariktigheten i informationen. Den framåtblickande

informationeni analysenbaseraspåsubjektivabedömningarom framtiden,vilkaalltidär osäkraochdärför

bör användasförsiktigt. LINC R&A kan aldrig garanteraatt prognoseroch framåtblickandeestimat

kommeratt bli uppfyllda. Om ett investeringsbeslutbaseraspå informationfrån LINC R&A ellerperson

med kopplingtill LINC R&A, skadet ansessom dessafattassjälvständigtav investeraren. LINC R&A

frånsägersigdärmedallt ansvarför eventuellförlustellerskadaavvadslagdetänmåvarasomgrundarsig

påanvändandetavanalyser,dokumentochallannaninformationsomhärrörfrånLINC R&A.

Intressekonflikter och opartiskhet

För att säkerställaLINC R&A:s oberoendehar LINC R&A inrättatinternaregler. Utöver dettasåär alla

personersom skriver för LINC R&A skyldigaatt redovisaalla eventuellaintressekonflikter. Dessahar

utformatsför att säkerställaatt KOMMISSIONENSDELEGERADEFÖRORDNING(EU) 2016/958 av

den9 mars2016omkompletteringav Europaparlamentetsochrådetsförordning(EU) nr 596/2014vad

gäller tekniska standarder för tillsyn för de tekniska villkoren för en objektiv presentation av

investeringsrekommendationereller annan information som rekommenderar eller föreslår en

investeringsstrategiochför uppgivandeav särskildaintressenochintressekonflikterefterlevs.

Om skribent har ett innehav där en intressekonflikt kan anses föreligga, redovisas detta i

informationsmaterialet.

Övrigt

LINC R&A harejmottagitbetalningellerannanersättningför attgöraanalysen.

Analysenavsesinteattuppdateras.

Upphovsrätt

DennaanalysärupphovsrättsskyddadenligtlagochärLINC R&A:segendom(© LINC R&A 2017).


