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Investment Thesis & Trading strategy

LINC

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data
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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 stockl
price prediction only price data is used. This is merely to showcase the
structure of a DNN.
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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 4: The modified RNN called Long Short Term
memory (LSTM) structure consisting of the 3 gates.
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InvestmentThesis

Time seriedorecastingn the financialmarketis one of the moredifficult tasksdueto
the hugeamountof factorsthat movestockprices Manydifferentmethodshavebeen
used(different MA, Multiple RegressiorRandomWalk etc), somemore successful
thanothers Today,informationhasneverbeenso availablén the form of data The
processingcapacityof computersare exceedinghat of its predecessorgreating
unparallebpportunitiesor dataanalysisAs aresultmachindearningbpuilt on learning
algorithmshaveadvancedandby far outperformedheir counterpartslP Morganhas
earmarked$108 billion of the annualtech budgetfor Al researchand several
investmenbankslooksto do the same The potentialin this areais enormouglueto
the amountof datathesealgorithmscanusein their decisiormakingandits abilityto
learnandimprovewithout beingexplicitlyprogrammedo do sa The onesto establish
themselvem this marketearlywill be verysuccessfulyhichis why manybankdook to
join therace The aimis to usetheseadvancementndwith helpof machindearning
predictstockpricesin differenttimeintervals

Why is machine learning a good tool for time seriesforecasting?
The goalof a deepneuralnetwork (DNN) (Exhibit 2) isd s i npcreqtéihe best
° miifvafiatembdelby tedtifghow MuEsalithHSgR & Ehe weightof eachvariable
"HdiViffatly or combined, affectthe outcomethat the modelis setto predict In turn,
applyingappropriateweightsto take thesefindingsinto account However,regular
DNN is not very suitablefor predictingtime seriesdue to its incapability of
distinguishingpetweertimeintervalsA refinedversioncalledrecurringneurahetworks
(RNN) havethe abilityto 6 r e me pabteventsand can thereforebe usedmore
appropriatelyRegulaRNN alsofacesaproblemcalledd t aréshingy r a dvihiehist
solved by a further refinementof RNN called Long-ShortTerm-Memory (LSTM)
whichisthe structurehatwill be usedo build the stockpricepredictor

Recurring Neural Networks (RNN )

Recurrentneanghe outputat the currenttime stepbecomeshe input to the next At
eachelemenbf the sequencehe modelconsidersot justthe currentinput, but what
it remembersboutthe precedinglementsThis memoryallowsthe networkto learn
longtermdependencign a sequencd.earningdependenciesvertime andtakingthe
entire context into accountwhen makinga prediction,the model will learn and
hopefullyunderstan@sequencef eventsin thiscaseat wouldbeidentifyingsignalsn
thepricemovementshatcouldleadto ad p r e d tumin thestookpdice

Long ShortTerm Neural Network

At the heartof anRNN is alayermadeof memorycells The mostpopularcellat the
momentis the Long ShortTermMemory(LSTM) Similarto regulaRNN, LSTM also
hasa cell state(the topmostline goingthroughall 3 cellsin Exhibit 4), or the blueline
at exhibit 3. This is the flow of informationthat we want our modelto remember,
hencehe underlyingnemoryIn asequencthe cellstatewouldrecalthatthe previous
pricewas705 and takethat into accountfor the next prediction This stateis then
modified in eachcell by so calledé Op e r @4 ti. @lsedhree operationalgates
(1.Forgetgate 2. Input gateand3. Output gate)areshownin Exhibit 4. Theinput X is
passednto eachcellandd s q u @ygehtherd sigmoidor atanhfunction (represented
by sigmaandtanhin Exhibit 4). Theforgetgatetellsthe cellstatewhichinformationto
disregardand the input gateupdateghe cell statewith the properusefulinformation
from the new input, hencethe most recent stock price The output gate then
distinguishethe currentoutput, which would be the predictionfor this minutegiven
the previous The cell state (the previousmemorygoinginto this cell adjustedy the
currentoperationgatego beup to datewith the latestinformationit wasgiven)is then
passedhto the nextmemorycellandtheflow continues

Trading Strategy

The strategys centere@roundbuyingwhenthe predictedsalueexceedthe currentfor

the giventime interval,andshortingthe stockwhenit doesnot. After optimizationthe
5 minuteintervalswerechosenmasthe benchmarlusinga lessdensenetworkand the
appropriateparameterand structureof the networkwaschosenAn EMA wasadded
to preventthe laggedpredictiondrom causingoo muchvolatilityin the tradesanda
stop losswasimplementedo minimizethe negativedeviationsThe modelis mostly
usefulfor HF-/day-tradingsinceit doesnot takesubstantigbricechangingeventgi.e.

reports)into consideratioWith thatin mind, this reportaimsto usemachindearning
algorithmsto predict the regular price movementson a momentumbasis The
advantagwith the strategyieswithin the modelsthemselveshe addedstoplosslogic
and the which througha lot of optimizationhopefullyyieldsa benchmarkior the

automatedradingsystenduringbacktest
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METHOD & MODEL OPTIMIZATION

Method

The objectives to build a programthat procesgivenstockpricesandthen convertsit into machindearningmodelsto be usedfor predictionson new
stocks A dataprocesplatform,the modelanda backtestingsystenwill be built usingPython Stockswill be pickedmainlybasedon dailyturnoverand
volatility sincethe largesrolumesandilliquidity createsnoreopportunitieandhopefullymoresignaldo extract By optimizingthe modeltheaimisto draw
out patternswhichcanbe exploitedandusedasaguidelinevhento buyor sellthe stock

Brief explanation to model framework

Model  Stock Timeframe Lookback Layer Regulizer Optimizer = MSE
nr Composition
1 Nordea 1 64 Dense Dropout | RMSprop | 0.001037
2 Nordea 1 64 Dense Dropout Adam 0.001656
3 Nordea 5 20 LessDense | Dropout RMSprop
Parametes

Lookback. Time steps to go back to predict the following price. Ex model 3, go backn2tuteeteps to predict the next 5 minutgkma

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 pattefh rma#tecany own conclusions when faced with
new dat a) . Dropout randomly deactivates a f ew n e unsaredeaciivatedtThie
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 squar@MSpOH
meant to handle the same problem.

MSE: Mean squared error of the predicted and real price for all observation.
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Predicted vs real prices on Nordea (5 minute intervaspB/4, dense Prediction results
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For training,a periodfrom 29 1 8 25 3 wasusedand
the model was built with the parameterexplained
78.01 above Afterwards,new datawasgatheredor back
testing, which the model never has seen before
Severalesultscanbe drawnfrom the predictionsand
has been used for optimization and further back
testing Exhibit 5 displayshe predictionfor Nordea
usingmodel2. By increasinghe densityof the layer
76.5| composition the model learns to predict more
features,hencemore detailsin the graph This is
76.01 Y | clearly displayedin Exhibit 6 when a less dense
compositionis used and the model draws more
755/ | generalconclusionsof the pattern rather than as
detailedasExhibit 5. Both modelsare usefulsincea
too specific one might be worse off due an
unnecessamgmountnf information,causinga lot of
Nordea |( ”s]r%éfll?mﬁstaggl\iherga%nrﬁoﬁe g((?enaeyaﬁurrve rather
focus on bigger pattern After cross validating
different modelson different setsof datathe less
764 — prediction densemodelwasselectedor the portfolio. Despite
Real missingseverasmalleturnsit couldpredictthe more
generapatternandwould on averag@erformbetter
An important note is that despite the accurate
appearancef Exhibit 5 the predictionsare often
\ laggedbehindthe realprice, leadingto big lossesf
\ not consideregroperly

/M " J\ \
75.8 | \/\/\ \/,
/\/‘VJA/ \\ Dueto thislag,the needfor astoplossandatool to

76 \/ 0 s mo o buh then iedictionsare necessaryAn
) EMA (explainedaterin the paper)wasaddedwith

754 L | | | | | | | the intent to preventthe laggedpredictionsfrom
0 20 40 60 80 100 120 140 160 executingmpropertradesand potentiallymissa big

Time (5 min intervals) jump or fall which would contradictthe current

Exhibit 6: 5 min predictions on Nordea (model 3). A less dense layer composition leads to a more soﬂpOSItlonandIeadto abigloss
curve
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TRADING LOGIC

Stage 1

Lookback = 20 (20*5 munutes)
Model predicts the next 5

minutes

Check prediction and EMA

Buy if predicted price
>
current

Short if predicted price
<

If stoploss is activated:

Stage 2

3 munutes later:

Stop loss check

Contradicting our current
position?

Yes:
Clear position
Continue

Stage 3

Model predicts next 5

minutes

Contradicting our current
position?

Clear position and establish a

new one
Back to stage 1

Current

Exhibit 77 Logic explained , step by step

Trading Logic

As displayedn exhibit 7, the basiclogic reliesaroundthe intuition behindthe prediction,ratherthan the exactprice,the 6 ¢ u r priceis thedprevious
prediction sincepredictingthe exactpricewould be a hardertaskthanjust predictingoricemovementsAfter furthercrossvalidationalookbackof 20 was
selectedor the final model Soat stagel, the predictionis checkedalsoa 15minuteexponentiallynovingaveragés usedto decreassomeof the other
more volatile trades If the predictionand the EMA are headingin the samedirection,a transactiorwill be performed At stage? (if stop lossis
implementedhe pricewill be checked minutedater,if the actualpricethen contradictghe positionit will be clearedn orderto minimizethe loss At
stage3, the modelwill predictthe next5 minutesandif this one contradictghe held position,a new one will be establishedrhis is further explained
graphicallyn exhibit8. The predictionis comparedo the movingaveragédor the previousminuteif theyboth follow the samedirection,a tradewill be
performed signifiedby two greenarrows As shownin nr 2 the predictionsignalsaan upwardchangebut the movingaveragés still pendingdownwards,
cancelinghe potentialtrade This patterncontinuesasdisplayedy the otherarrows The yellowonesis an exampleof the stop losswherea tradewent
throughbut the actuaminutepricewentdown,leadingo aclearegosition3 minutedater

Nordea- Trading logic explained
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Exhibit 88 Logic explained graphically
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BACK TESTING RESULTS fINC

Cumulative ROI

Discussion

Dueto the needto trainamodelverycloseto thetimeinterval
of back testing,limited more recentback testing data was
availablet the time The backtestinggavevariedresultsand
the majority gaverelativelysmall returns Testing data was
gatheredfrom the 8/ 4-25 4 resultingin 12 trading days
Exhibit 11 displayssomeresultsfrom backtesting,yieldinga
small return at 1%, and exhibit 12 displayssome financial
statisticsOne importantnote is that the averageeturn per
trade decreaseslightly with the stop loss but the volatility
decreasedty 34% (137 A 102 SEK), implying lessrisk A
significanBetaof 0.21wasgivenwith OMXS30asbenchmark
A strongupsideof this strategys its relativelysmallcorrelation
to the market The benchmarkindexwill affectthe assetbut
by taking both long and short positions with a lot of
transactionsthe strategybecomesless sensitiveto market
oA movementsand would in theory perform similar despite
cyclicaimarketdeviationsAlso, the testdatawhich the model
hasnot yet seerbeforewastakena while afterthe modelwas
trained, having a more frequently updated model would
therefore perhapslead to better results The extremecase
Transactions 200 would be the returnsfor the validationdataat 10%, which
impliesanoverfitted*model The validatiordatais the portion
of the datathatthemodelwastrainedto optimize usingthisas
; a benchmarkor the resultsmight not be asrealisticasusing
ROI per transaction newdata, dueto the problemof overfitting The far awaytest
datais thereforea more realisticdisplayas were the model

]
L

Cumulative change (%)

Exhibit 9 Cumulative return for test data.

05 A standtodayin termsof makingnoney
> Conclusion

g On averagethe modelmakegpositivetradesandis not losing
S in the longerrun. Despitethe smallerreturns,if one would
6 investin the systemoday the biggestpsideis the potentiakto

improve this idea with an expandedportfolio containing
severalassetsa more in depth model and a even further
improvedstoploss Transactiorostswill playabigroledueto
0.0 A the amountof tradesbeingperformedbut the modelareable
to createenoughprofit to still makeapositivereturn Thestop
losswasableto lower the risk while still letting the system
profit from the highreturntradesThe opportunitiego further
optimize both the model and the tradinglogic is still a big
upside Machinelearninghasthe ability to revolutionizethe
wayassemanagemerns performed put one cannotexpecto
1 2300 reachtheseresultswithout an in depth strategywhich takes

Time timeto develop Thisreportandthe systerrhasonly scratched
the surfaceof its potential The futurewill presenmorerefined
Exhibit 10: Return per transaction. The system on average makes positive trades and the stop loss |  techniquesind betterprocessingapacitiesayhichwill further
limits the negative spread from being to large improvethe abilityto both extractand analysdargeamounts
of datacreatinganevenbetterenvironmentor this strategyo
thrivein.

Transactions performed (164 longs, 153

shorts)

AWin rate
ey Final capital (12 trading days)

Average return per trade

(Validation:
10.169%

AAverage
Daily

=20l Nordea stock performance, given period return

Diff -0.9 %

Exhibit 1 Descriptive statistics from back testing.#&gmbol is a Exhibit 12 Financial statistics from back testing

confidence interval with one standard deviation

*Qverfitted implies that the model has been overly adapted to suit the data. This data was not used for training itsel§ bseavto validate the model during the process of training.
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DISCLAIMER L1

Ansvarsbegransning

Analyserdokumentoch all annaninformation(Vidared a n a | yssn{harronfran)LINC Researcl&

Analysi{ 6 L IRNQ\(@INC arenideellorganisatiororganisationsnumm@d5002259)) ar framstallt
i informationssyftech ar inte avsettatt vararadgivandelnformationeni analyseskainte ansesvaraen
kop/saljrekommendatioellerpaannatsattutgoraelleruppmandill eninvesteringsstrategi

Informationeni analyseriir baseradpa kallor, uppgifter och personersom LINC R&A beddmersom
tillfrlitliga, men LINC R&A kan aldrig garanterariktigheteni informationen Den framatblickande
informationen analyseaserapasubjektivdbedomningaom framtiden vilkaalltid &r osékraoch darfor
bor anvandadorsiktigt LINC R&A kan aldrig garanteraatt prognoseroch framatblickandeestimat
kommeratt bli uppfyllda Om ett investeringsbeslbaserapa informationfran LINC R&A ellerperson
med kopplingtill LINC R&A, skadet ansessom dessdattassjalvstandigav investerarerLINC R&A
fransagesigdarmedallt ansvarfor eventuelforlust ellerskadaav vadslagdet an mavarasomgrundarsig
paanvandandetvanalysedokumenibchallannaninformationsomharrorfran LINC R&A.

Intressekonflikter och opartiskhet

For att sakerstallaINC R&A:s oberoendénar LINC R&A inrattatinternaregler Utdver dettasaar alla
personersom skriverfor LINC R&A skyldigaatt redovisaalla eventuellantressekonflikterDessahar
utformatsfor att sakerstallaatt KOMMISSIONENDELEGERADEFORORDNING(EU) 2016958 av
den9 mars2016omkompletteringav Europaparlamentetschradetsférordning (EU) nr 5962014vad
galler tekniska standarder for tillsyn for de tekniska villkoren for en objektiv presentationav
investeringsrekommendationeeller annan information som rekommenderareller foéreslar en
investeringsstrategichfor uppgivandeav sarskildaintresserochintressekonflikteefterlevs

Om skribent har ett innehav dar en intressekonflikt kan anses foreligga, redovisas detta i
informationsmaterialet

Ovrigt
LINC R&A harejmottagitbetalningellerannarersattningér attgéraanalysen

Analyseravsesnte att uppdateras

Upphovsratt
Dennaanalysirupphovsrattsskyddaahligtlagochar LINC R&A:segendonf© LINC R&A 2017.
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