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This thesis presentsa novel approach tdeveloping alynamic asset allocatiastrategyby
integrating long shoiterm memory (LSTMyleepneural networksvith the BlackLitterman
model The methodologynvolvesforecastinghe monthly performancef tenMSCI sector
indicesusing sectorspecific LSTM modelsand incorporatingthesereturn predictions as
subjectiveforward-lookingviews into the Black.ittermanmodelfor portfolio optimization
Optimal portfolios rebalanced monthly based out-of-sampleforecastswereconstruced
and evaluatedover ten rolling 24-month holding periods To ensure robustnessn
expanding walkforward crossvalidation approachwith grid searchwas employed for
sectorspecific LSTMhypeparameteituning and modelvalidation Furthermore various
technical indicators derived through featersineeringvereincorporatedas multivariate
inputsto enhancéhepredictive performancef the sector models.

The empirical resultgevealvariability intheprediction accuracgf the LSTMsectormodels
across sectorwith the overallout-of-samplepredictability of monthly returnsremaining
strong Prediction accuracyalso varied betweendifferent model configurations within
sectorsemphasizinghe importance gbarameter selectiaandmodeloptimization In terms
of risk-adjusted performance, tpeoposed STM-Black-Littermanasset allocatiostrategy
producedrelatively stable yet dynamic portfoldhat outperforned marketcapitalization
weighted and 1/N diversificatidmenchmarlallocationstrateges innine ofthetenholding
periods, even when accounting for transaction codtsese findingsdemonstratethe
effectiveness and potentiafl integratingAl -baseddatadrivenfinancial forecasting with an
established portfolio optimization framework goiide and suppornhancd investment
decisionmaking.
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Tassa tutkimuksessa esitetddn uusi lahestymistapdynaamisen allokointistrategian
kehittamiseenyhdistamallalong shoriterm memory (LSTM)-neuroverkot jaBlack-

Littermanportfolio-optimointimalli. Menetelma perustuu kymmenen MSCI-sektort

indeksinkuukausituottojerennustamisen sektorikohtaisillaLSTM-syvaoppimismalleilla
joiden tuottamat ennusteet sisallytetddBlack-Littermanmalliin  subjektiivisina
tulevaisutieen suuntautuvinandkemyksina ohjaamaan allokaatiop&étoksia Kehitetyn
yhdistelmamalliravullarakennettiilrkymmenerkuukausittairrebalansoituvaaptimaalista
portfoliota liukuville 24 kuukaudenarkastelujaksoilleLSTM-sektorimallienvalidointi ja
parametrien optimointoteutettiinhyddyntamalléexpanding walkforward crossvalidation
-menetelméalisaksiuseitateknisen analyysin indikaattoreggallytettiinsektormalleihin

monimuuttujna ennustustarkkuuden parantamiseksi

Tutkimuksen empiirisetulokset osoittavat ettd LSTM-sektormallien ennustustarkkuus
vaihtekesektoreittain muttaotoksen ulkopuolignkuukausituottojennustettavuusailyi
vahvandkaikilla sektoreilla Sektorimallien ennustustarkkuuddravaittinmyosvaihtelevan
huomattavasteri konfiguraatioidernvalilla sektoreidersisélla, mikakorostaaparametrien
valinnan ja optimoinnirmerkitysta Kehitetty LSTM-Black-Litterman allokointistrategia
tuotti vakaita mutta dynaamisiaportfolioita, jotka suoriutuivatriskikorjatuilla mittareilla
transaktiokustannukset huomioon ottagmeksdssa kymmenestd skenaaripste&mmin
kuin sektoreidermarkkinaarvoihin sidottu sekatasaj&oinenallokointistrategia Tulokset
osoittavat, etta tekoalyynpohjautuven datalahtdistenennustusmaldin hyddyntaminen
portfolio-optimoinnissaon tehokaslahestymistapaohjaamaanja tukemaanparempaa
sijoituspaatdstetekemista
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1 Introduction

A fundamentaldecision for every investor selectingwhich financial assets to invest in
However, vith the continuouslyincreasing number availableassetsthe making of such
investmentdecisiors has become morehallenging Moreover, geopolitical conflicts in
recent years have caudeeightenedolatility in the capital marketsncreasingnvestment
risk (Gao, WangZhou, Lv, and Wei2024). These issues haveghlighted the importance
of utilizing quantitative portfolio optimization methods in constructing diversified
portfolios whichis at the core of modeifinancial decisiormaking Particularly, theaim to
constructa portfolio consisting ofa combination ofassets tamaximize returns while
efficiently mitigating risk is a common andrucial goal for both retailand institutional

investorsglobally (Markowitz, 1952)

Anothercoreconcept ilmodernfinancial decisiormakingis time-seriedforecasting It aids
investors in identifying assets that depict potential for excess reamdsh turn enables
the making oinformed decisionsnwhich assets to include their portfolics. In addition

it steers thedevelopment of efficienaind resilient asset allocation strategi¢isat enable
dynamicadaptatiorto market fluctuationfHarris, Stoja, and Ta2017; Barua and Sharma
2022) Fama (1970) famously hypothesized market efficiency by proposing that ander
overvalued financial asset® not exist due to them reflecting all available information,
implying thatconsistentlyand accuratelpredicting theifuture performances not possible.
This has however, later been debunked by empirical evidence freaveral studies
employing different forecastingmethods(Poon andGranger 2003; Fischer and Krauss
2018 Kara, Ulucan, and Ati¢i2019; Nafia, Yousfi, and EchaouR023. Moreover the
emergence and advancements datadriven modelling techniquesutilizing artificial
intelligence (Al)haverecentlyresulted in significant improvements in financial forecasting

andsubsequently, createluableimplicationsfor moreefficient portfolio management

Building on the concepts of portfolio optimization and financial forecastitigs thesis
investigatesdevelopsandevaluates dynamicasset allocation strate@pased on long shert
term memory (LSTMheural networkand BlackLitterman model integratiofo this end,
LSTM is appliedin predictingthe monthly performanceof ten MSCI GICS sector indices
These predictionarethenincorporatedassubjectiveview inputs irtio the Black-Litterman

modelto constructlynamically adjustingortfolios overseverak4-month holding periosi
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This approachaims to address the complex and dynamic nature of financial markets by

capturingboth historical trends@indforward-looking market views.

1.1 Background ananhotivation

The foundations of portfolio optimization are rootedriadernportfolio theory (MPT)and
the underlying measvariance optimization frameworiktroduced byMarkowitz (1952)
This widely used approachknablesthe construction ofdiversified portfolios thatim to
maximize returnsvhile minimizingriskaccor di ng t o i n vHoweteojr s 6
doesnot come without limitationsthe most critical of which are its sensitivity to input
estimations ands tendency tgroducehighly concentratednd unstabl@ortfolio weights
(Michaud and Michaud2008 5i 32, Hung, HsiaKuang, and Lin2024). To addressand
overcomethesepracticallimitations, alternative portfolio optimizatiomodels namelythe
Black-Litterman modelhave been developgxtending theneanvariance optimizatioby
blending subjectiveinvestor views with objectivéistorical marketequilibrium datg the
Black-Litterman model offers a flexible framework forportfolio optimizationand asset
allocation(Black and Litterman1990; Black and Litterman1991, Black and Litterman,
1992. Consequentlythe modehasbeenwidely adoptedor its ability to mitigate estimation
errors enhance portfolio diversificatioandgeneratestableoptimalportfolios, all of which

areof significant valudor portfolio management

Financial forecastingon the other hands oftenregarded as one of timost difficult yet
essentiatasks in financial analysis due to the inherently complex and unpredictable nature
of thefinancial markets (Jin, Yang, and L.2020; Li, Liao, Hu, Ni and Ly 2022; Zhao and
Yang 2023 Chanday 2024). Recent advancements in dathiven machine and deep
learning techniques however, have enabled the successful developmehincreasingly
accurate forecastingnodels Deeplearningnetworksthat havesparkedsubstantialnterest
among practitionerareLSTMSs, particularly due tdheir ability to efficiently capturelong-

term dependencies and temporal patténnsme-varying sequentiadatg evenover long
periods(Fischer and Kraus2018) As a resultthey have becomawidely appliedmethod

in financial forecasting,enhancing prediction accuracy, and consequently, financial

decisionmaking.
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Degite thegrowing interest in LSTMapplications particularly instock price prediction
relatively few studies havtilized themin constructingoptimal portfolics and develomg
asset allocation strategi€Rezaei, Faaljouand Mansourfar2021; Nafia et al, 2023).
ConsequentlyincorporatingLSTM-generatedoredictions offuture asset performance as
views irto the BlackLitterman modelis a novel area of researthat hasbeenscarcely
considered anexplored This thesis aims to fill this research gap by investigathey
effectiveness of such model integratiom creating an intelligent anddynamic asset
allocation strateg Hence it contributego an increasingly important aratpandindield of
research thatonnectsdata science and finanday integrating datariven Al-based

forecasting with an established portfolio optimization framework

Additionally, this thesi®ffersnewinsightsinto LSTM modelconfiguration and validation
for predicting sectoral performancas well asthe realworld applicability of utilizing
financial forecasting in portfolio optimizatioand developingasset allocation strategies
Many prior LSTM applicationsin financial forecasting onlgonsiderhistorical pricesor
returnswhen predictinguture asset performanc&he present approadhffers from them
by incorporatingvarious technical indicatorsderived through feature engineering as
multivariatemodel inpus. Notably, t has been establisheg Neely, Rapach, Tu, and Zhou
(2014), Barua and Sharma (2022), and Chandar (2824#)echnical indicatorsas model
inputsenhanceprediction accuracyAlso, thescopeof LSTM forecasting ioftenfocused
on predicting one trading day aheadtrom the standpointof a morelongterm asset
allocation strategyhowever this is not feasible, as daily rebalancing would be required to
make use of the predictions in reabrld investment scenaripsesuling in substantial
transaction costghat decreaseprofits, as well astime-consuming active portfolio
managemeniThus an approach fodeveloping a more stabjet dynamicasset allocation
strategyby aggregatingdatg predicting sectoral performancand conductingportfolio
rebalancingon a monthly frequencyis proposedWhile this limits the amount oflata
availablefor deep learningnodeltrainingand might result in sacrifices related to prediction
accuracy, ienablegheefficientuseof the predictions ithe context of the Blaekitterman
model Finally, thisresearctemploys an expanding waflkrward crossvalidationapproach
for sectorspecific parameterselectionand optimizationto enhancemodel and strategy
robugness Interestingly, valk-forward validation, while an established crasdidation

technique in financial timeeries analysis, has not been widely employed in LSTM analysis.
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1.2 Objectiveandresearch questions

The objective of thishesisis to investigate develop, and evaluatan intelligent asset
allocation strateghy incorporatind-STM-generategbredictions of sectoral performanae
subjectiveforwardlooking views into the Black-Littermanmodel This integration aim#&
constructdynamically adjustingoptimal portfolios overseveral24-monthrolling holding
periods To achieve thiscomprehensiv@arameter optimizatiois conductedo identify and
validatethe besiperformingsectorspecific modelsThe performance of tiseLSTM sector
models is thoroughly evaluateatross sectorsn both the validation and teperiods
Furthermore the performance of theesulting LSTM-Black-Litterman strategy is
comparativelyevaluatedagainstmarketcapitalizatioaweighted and 1/N diversification
benchmarkstrategiesNotably, this evaluation is based on multipbortfolio performance
metrics reflecting the comprehensiverisk-return profile of theresulting portfolios in
changing market condition®8ased onthis objective, the main research question to be

addressed is

Is incorporatingLSTM-generated sectat return predictions as view inputs in the
Black-Litterman model effective falevelopinga dynamic asset allocation stratégyy

Furthermorethe scopeof this research enables addressing furthesstions regarding the
sectorspecificpredictiveperformancenf the LSTMmodels as well as thperformanceof
theLSTM-Black-Littermanportfoliosin relation tathetwo benchmaks. Thus thefollowing

two sub-questionsupportingthe main research questiarealsoaddressed
How dothe LSTM moded perform interms ofcrosssectoralpredictionaccuracy?

How do the LSTMBlackLitterman portfolie perform comparedto market

capitalizationweighted and 1/N diversificatiqrortfolios?

However,somelimitations related to thecope ofthe proposedesearch questions need to
beacknowledgedFirst, only equity indicesare consideredneaning that other asset classes,
such as bonds, money markaitrumentscommodities, and real estaiee excludedrom
theempiricalanalysis Furthermore, the equity indicase based osectoral allocations, and
while they areglobal indices they do not represent thentire global stock market
holistically. Finally, the empirical analysiscomprises20 years of historical market data,

meaning thaprecedingmarketconditions and trendsrenot captured
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1.3 Structure of the thesis

The introduction chapter established the background and motivation for this research, also
defining the research objectives, questions, and limitations. The structure of this thesis
progresses from previous research and theoretical foundations to empirical analysis and
discussion ofained insights in seven chapters. Chapovides a comprehensive review

of relevant academic literature, examining previous reseagardingthe BlackLitterman

model, applicatios of LSTM in financial forecasting, anthe integration of the two
methodologies. Chapt8ipresents the theoretical framework this thesis is grounded on. This
includes portfolio optimization, the Bladktterman model, deep learningnd LSTM
networks, technical indicators, and various model accuracy and portfolio performance
evaluationmetrics. Chapte# describes the data used in the empirical analysis in detail.
Chapter5 outlines the methodology of this thesis, explaining the approach used in LSTM
and BlackLitterman model implementation andtegration. Chapter 6 presents the
empirical results, assessing the forecasting accuracy of the L&Xwrmodels and
comparatively evaluatinghe performance of theonstructedportfolios againstthe
benchmarksChapter7 addresses the research questions and discusdawdihgs, gained

insight and contributionsreflectingthem onprevious research. Furthermorediscusses
therelatedimplications and limitationsas well as provides suggestions for furtiesearch.
Finally, Chapter &oncludes the outcoraef this research by summarizing the key findings

andcontributionsrelative totheresearch objectives
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2 Literature review

This chaptemprovides a comprehensiveview of previous research and academic litematur
in this domain bydiscussingthe used methodologiesas well as theelevantfindings,
limitations andimplications The chapter istructuredthematically focusing on three key
conceptsn the following orderBlack-Litterman model irportfolio optimization LSTM in

financial timeseries forecastingind integration ofleep learningndportfolio construction

2.1 Black-Litterman modeln portfolio optimization

The BlackLitterman model isan establishedand robust financial framework IMPT
designed for asset allocation probleamsl portfolio optimizationextending theraditional
meanvariance optimization bycombining subjective investorspecific views with the
market equilibrium(Black and Litterman199Q Black and Litterman1991, Black and
Litterman,1992) Sincethe seminal workf Black and Littermajthemodel haveen widely
adoptedin financial institutions andcademiaesearchThe initial model frameworkas
been further discussed IBevan and Winkelmann (199&)e and Litterman(1999, and
Satchell and Scowcroft (200nd extended by Qian and Gorman (2001), MeR@0§
2008 2009) and Mazzoni (2015)Furthermore,ts effectiveness in constructing optimal
portfoliosand developingrading andallocation strategielsas been empiricallstudied and

evaluated irdifferentcontextsanddiverse market environments.

Black and Litterman (1992)escribedhe useof their proposed modeh globalfinancial
markets focusing ona multi-asseportfolio that consistedf stocks, bonds, and currencies.
Building on this, Bevan and Winkelmann (1998pplied the Black.itterman modelo a
global fixed income portfolian practice finding it outperformingits benchmarkover a
threeyear period While the authorsacknowledje that the outperformance dueto the
accuracy of portf olsucaeedmbldustraiggehowstiie modelecabs |,
utilized in developinginvestment strategiesde and Litterman 1999 and Satchell and
Scowcroft (2000)ater discussedhe intuition behind the modetxplainingthe process of
parameter selectioand how different parametermfluence the model Moreover,they
discussedhe benefits of the model over traditional meariance optimizatiorthrough

numeric examples

t
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Qian and Gorman (2001lintroduced a new method for allowing investor views on
conditional mean returngissetvariancesand correlationsn the BlackLitterman model
Extendingits capabilities and increasing the flexibility of the mofiether, Meucci (2006)
introduced a framework to account faew inputsfrom multiple usersimultaneously. In
addition,Meucci (2008)proposed an entrogyooling approacthat allowsheconsideation
of nontlinear investor views and nemormalreturndistributions.Later, Meucci 009 also
studied theuse ofthe Black-Litterman model in complexlerivatives market and stress
testing.LeveragingMeuccits comprehensive model researgtazzoni (2015exploredthe
incorporation of nodinear investor viewdurther, proposing a model extensidhrough

nortlinear filtering schemes

While thediscussedtudiesprimarily focuson theunderlyingmathematical frameworand
parameter selectioof the BlackLitterman modelwithout explaining the process of
obtainingaccuratanvestorviews, researchers in recent years have also investigarazls
approachesor deriving theseviews Bessler Opfer, and Wolff(2017) followed a simple
approachusing rolling 12-month mean historic returns agsews in the BlackLitterman
model. They found a multi-asset portfolioconsisting of global stocks, bonds, and
commoditiesoutperformingnaive diversification, meavariance, and minimusaariance
strategiesintroducing amoredynamic approachslarriset al.(2017)utilized amomentum
strategy with timevarying conditionalcovariancessthe basis for the investor viewBy
ranking the normalized6-month assetreturns the developedmodelemphasied thebest
performing assetenceprioritizing momentum ConsideringlO FTSEsectorallocations
they too found the Black-Litterman portfolio outperforminghe naive diversification

portfolio andtraditionalmeanvarianceoptimization

Instead of using only historical data dsw inputs, Beach and Orlov (2007) proposed a
forward-looking approactusing EGARCH-M forecasting results as investor viewshe
authors emphasized the potentiairgegratingforecastingmethodologiesvith the Black
Litterman frameworkfinding greater portfoliaeturnswith predictionsasinputs compared
to just using historical market equilibrium weight&xtending this,Kara et al. (2019)
proposed a hybrid approabiiforecastinglaily stock returns witlsupportvectorregression
machine learningwhich in turnwas driven by technical indicators predicteédrough
GARCH modelling. Using the return predictionsas view inputs andevaluating the
performance of theesulting Black-Litterman portfolio in both emerging and developed
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markets,they found higherreturns and Sharpe ratios comparedespective benchmark
indices.In a more recent advancemdrit, Chen,Yang, Wang, Lu, and Ck{2022)employed

a random forest machine learnialgorithmin forecasing returns angbrodugng the views.
Applying the model to Chinese stock markétg, model similarly achieved higher portfolio
returns and Sharpe ratiom comparison to meavariance optimization.Due to
advancements iAl-based techniques afidancialforecastingtheresearch focukassince
shiftedfrom traditional econometriandpredictive machine learninmodellingto utilizing
sophisticated deep learning networksderiving investor kews. This integration ofdeep
learning networks and the Black-Litterman modelis further explored and discussed in
Chapter 2.3.

2.2 LSTM in financial timeseries forecasting

Financial timeseries forecasting is a critical yet one of the nafficult tasks in financial
analysis due to theherentlycomplex and unpredictable naturdleéfinancial marketgJin
et al, 2020; Li et al, 2022; Zhao and Yan@023 Chanday2024. It is welldocumented
that financialdataregularly exhibitnontlinearity, high volatility and significant levels of
noise which makes accuratepredicting of future movementgarticularly challenging
Consequently traditional statisticaland economet models long usedin financial
forecastingsuch aARIMA andGARCH, often struggle t@vercome issues relatedsoch
propertiedn financialdata This is mainlydue to their assumptions of linearity and limited
ability to capture complex ardng-term dependencies and patteim$inancial datgLi et
al., 2022) However, advancements in these of Al-basedmodelling techniquehave
resulted in significant improvements in financial forecastiftius the research focusas
shifted from traditional statisticand econometricmodelsand simple machine learning

modellingtechniques tthe utilization of sophisticatedeep learningnetworks

In particular LSTM deep learningetworkshave gained significant attention in recent years
exhibiting high predictive accuracy inforecastingfuture price movements andsset
performancgFischer and Kraus2018).The architecture behind LSTM networiBows
themto retain information across long sequenakdata captuing temporal dependencies
andmaking thensuitablefor modellingtherelationships between historical data and future

outcomes. FurthermorasLSTM networks manage teandleassumption®sf nonlinearity
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and filter out nois, they have become one of the mogromising andfrequently used

method in financial timeseries forecasting (Ozbayoglu, Gudelek, and $S€90).

One of the arliestapplicationsof LSTM in financialforecastingwith empirical evidence
was conducted by Giles, Lawrence, and Tsoi (20D4ie study focused diorecastingive
foreigndaily exchange ratefinding significant predictabilityn the direction of movements
with anerrorrateof 47.1% Shifting the researdwmcusto equities Xiong, Nichols, and Shen
(2015)predictedthe volatility of the S&P 50, achievinga mean absolute percentage error
of 24.2% Moreover, he proposedLSTM model outperformedlinear Ridge/Lasso
regressionand autoregressive GARCH benchmarlshiowing thepredictive potential of
LSTM networks in stock marketsExtending this,Fischer and Krauss (2018) employed
LSTM by extensivelypredicting directional movements tfe stock constituents of the
S&P500 index.The studycomparedthe performance othe proposed modedgainsta
random foresta standard deefearningnetwork, anda simplelogistic regression, finding
LSTM outperforminghemin terms ofboth prediction accuracy and returibis influential
studypopularised theseof LSTMsin financialtime-seriedorecastingand opened thigeld

for furtherresearch

Baek and Kim (2018aimed totackle the issue of overfitting by combining two LSTM
modules, one fopredicting S&P500 and KOSPI2afay-ahead pricesnd the other for
preventing overfittinghroughdataaugmentationThe proposed modeichieved excellent
forecasting accuracywith the authorssuggestingapplying LSTMto financial problems
more broadly, such as portfolio optimization. Extending the use of LSTMlehtab, Sen,
and Dutta (2021)developedfour distinct LSTM models with varying architecturs,
adhieving superior accuracy ovefariousmachine learning models in predictitfie open
prices of theNIFTY50 index Importantly, the study focused onmodel validationby
introducing a novel walk-forward validation approach with grid searchtechniquefor
parameter selectigfurtherensuringobustness model development arptedictionsAlso
demonstrating theange of LSTM applicationZhao and Yang (2023)roposeda hybrid
deep learning mod@icorporatingsentiment analysisith LSTM to predictHSI stock index
prices.ThedevelopedSA-DLSTM model combiningnvestorsentiment from social media
data with historickfinancial dataesulted inower error rates and higher retuc@ampared
to other related methodfn a recent studyChandar (2024yleveloped a LSTM-based
forecasting frameworkor accuratelypredicting theday-aheadclosing price of selected
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stocks from NASDAQ and NYSEMoreover the studyinvestigatedthe impact of
incorporatingvarious technical indicators &8TM model inputsdemonstratingts ability

to handle and benefit from largeale input data

2.3 Integration ofdeeplearningneuralnetworksandthe BlackLitterman model

The analyticaland predictivgpower of deep learning networkss resulted in researchers
employingthemtogethemwith established financidtameworks As suggestedy Baek and
Kim (2018), theapplicationof LSTM in financial problemss not limited to juspredicting
day-ahead pricesf assets buhasimplications forfurther portfolio optimization analysis.
Althoughlimited research has focused portfolio constructiorand optimizatiorbased on
LSTM-generated predictions, some studies have explbreemergingarea Moreover a
few recentstudies havexploredutilizing deep learning in generating investor vigputs
for the BlackLitterman modeto developallocationand traling strategieshighlightingit as

a novel and promisingrea ofresearch.

The work ofRezaeiet al.(2021)is among the earliest known integration of LSTM and the
Black-Litterman modelThe authors introducexdnovel hybrid deep learning modiet stock
returnprediction and usethe returnpredictions as investor views in the Bladkterman
model.The proposed model consists of three parts: CEEMD forsienies decomposition,
CNN for pattern recognition, and LSTM for return predictio@onsideringweekly
historicalreturnsof tenof the besfperforming stocks from the Dow Jones Ingiey found
the CEEMDBCNN-LSTM outperforming simpler CNNLSTM and LSTMmodelsin terms

of prediction accuragynd traditionaimeanvariance and eqlaveightedportfoliosin terms

of returns and rislefficiency. However,the studyassumeso portfolio rebalancing or
transaction costsvhich are essential for developing dynamic asset allocation strategies.
Furthermore, it does nobnsider issues related to leakead bias naxplorethereaktime
applicability of thehybrid model.

Advancingthis researclkdomain Barua and Sharm&Q22) developed a hybrid multivariate
deep learning model combining CNN and bidirectional LSfo¥forecasting dayahead
prices of ten MSCI Asia Pacific seciadices andimilarly used theereturn predictionss
views in the BlacK.itterman model Additionally, they incorporated technical indicators

together with historical prices asodelinputs. While following a buyandhold strategy,
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they introduceda more dynamic perspective for portfolbmnstructionby emphasizing
recent observatiorthroughtime-varying weighting Considering holding periods of 12 and
24 months, the CNMBILSTM Black-Litterman portfolio outperformed three benchmarks in
terms of returns and Sharpe ratio, even when accounting for transactiorFooske 24
month holding periodhowever, a risk-parity approachachievedbetter diversification
measured by thEerfindahl indexNotably, theresearch does not conduct model validation

or parameter optimizatigfimiting the rolustness of the model atitk resultingoortfolios.

Recently,Yao, Li, and Li (2024) also generatednvestor viewsfor the Black-Litterman
model using LSTM. Proposing an innovativapproachthey rankedten Dow Jones and
CSI300 sector indiceaccording taheir growth potentidbasedon monthaheadcloseprice
predictions Utilizing a rolling window method to predict one month ahead at a, time
conducting monthly portfolio rebalancing and accounting for transaction costsey
managed to demonstratealworld applicabilitywhencreatinga dynamicasset allocation
strategy. In both markets,hte LSTMBIlack-Litterman portfolioachieved higher returns,
Sharpe ratio, anchaximumdrawdowncompared t@lack-Litterman models using historical
mean returngs views.However, thestudy does not explore trechitecture, parameter

selectionor accuracyof the LSTM networks
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3 Theoretical framework

This chapteprovides detailed descriptisof the theoreticatonceptgelevantto thisthesis
First, portfolio optimization and related conceptsare presented followed by a
comprehensiveeview of the Black.itterman modelNext, deep learning isxploredwith
a focus on LSTM neural network&nally, selected technical indicataadthemathematics
behind themas well asvarious evaluation metrics foneasuring botlfiorecasting accuracy

andportfolio performancearedescribed andxamined

3.1 Portfolio optimization

Portfolio optimization refers to the process of selecting and distributing capital among a
combination of assets to construct a portfolio that achieves the best possible balance between
returns and risk out of a set of considered portfolios. Its foundatioanrooted in modern
portfolio theory (MPT), a famous theoretical framework introduced by Harry Markowitz
(1952) i n his pi onPerdaiad Sekgction MPE ia thasdd orathe i c |
fundamental rationale that investors seek to maximize retunile efficiently managing

risk according to their risk tolerance (Elton and GruB600).Accordingly, the objective

of portfolio optimization is to maximize expected returns for a given level of risk or, vice
versa, minimize risk for a given level of expected retultnsompriseshree core concepts

diversification, efficient frontier, and meamriance optimizationwhich are nextlescribed

3.1.1 Diversification

Diversificationsuggests that in order to reduce the overall risk of a portfolio, capital should

be distributedamongassets with varying correlations (Fabozzi and Pachamag6i&

2011 206).Correlationof t en measur ed by Pea,represerdsshecor r
relationship between twwariables e.g, how the price movements of assets behave in
relation to one anoth¢éHHeumannSchomaker, and Shalal#023, 8587). Attaining values

on a scale froml to 1 acorrelation coefficient of 1 indicasthat the assets move perfectly

in the same direction, whilel indicatesperfect opposite movemers. Consistently, a
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correlationcoefficientof O indicates no correlation between #ssets, meaning the price

movements of the two assets are fully independent

Investors camove towardfficient diversification through various investment strategies,

the most common of which are diversification across asset classes, diversification across
sectors or industries, and geographical diversification (James, Menzies, and Gottwald
2022). Diversification across asset classes refers to investing in assets constituent of different
classifications, such as equities, bonds, cash equivalent money market instruments,
commodities, and real estate. Tapproactaids in mitigatng risk, as different asset classes
tend to vary in terms of performance during changing market conditions and regime shifts
(Bessler Taushanoyand Wolff 2021). Diversification across sectors, on the other hand,
refers to the strategy of investing in asselated tocompanieghat operate in different
segments of the economyhich reducesectorspecific risks (James et g12022). Finally,
geographical diversification involves investing in assets from various countries and regions.
With this approachthevarious riskgelated to garticular economic environment, such as
economic or political instability,are reduced (Sharif, Aloui and Yarovaya2020.
Diversification is crucialin terms of portfolio optimizationas it minimizesthe risk
associated with individual assets, known as unsystematic riskregding exposure across
diverse investmentst is to be notedhoweverthat even a perfectly diversified portfolio is
subject to inherent market risk, known as systematic risk, which can not be reduced through

diversification.

3.1.2 Efficient frontier

The concept of portfolio optimization is often illustrated with a-rsturn graph known as

the efficient frontierFirst introducedy Markowitz (1952)the efficient frontiewvisualizes

the set of feasible optimal portfolios as a function of risk and expected return. As shown in
Figure 1, the portfolios on the arc of the hyperbola are considered optimal, achhaing
highest returns for a given level of risk. Conversely, the portfdicstedbelow the arc are

considered suboptimal, as greater retuvitk the same level of risk are achievable
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Figurel. Efficient frontier(dos Santos and Brand2017)

3.1.3 Meanvariance optimization

The diversification of asset weights in an optimal portfolio is determined through a utility
maximization problem subject to constraints, known as meaance optimization. This
mathematical framework underlying the MPT measures thereiskn relationsip of a
portfolio as a function of expected returns and variance, aiming to find the most efficient
asset weightin a way that results in portfolio that lies on the efficient frontier (Fabozzi
and Pachamanoy2016, 206212). According to the foundans of MPT, it specifically
enables the construction af aptimalportfolio that maximizes expected returns for a given

level of risk or, alternatively, minimizes risk for a given level of expected returns

In meanvariance optimizationhe expected returns are calculatedhasveighted average
returns of the individual assets, whilisk is calculated as a function of variance and
covariances of the asset returiihierefore it inherently emphasizes diversification by
combining assets with low correlatigmeduadng the unsystematic riskandconsequently,
the overall risk of the portfolio. Followingew Low, Faff, and Aas (2016jneanvariance

optimizationcan be expressed as a quadratic optimizgtroblent

i Am‘O‘YEo 1 x P

which results irthe closedform solution

0 St OY C
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whereU is the weight vector; is thecovariance matriX, is the riskaversion coefficient,
andO “Yepresentthe expected returnSolving this optimization problemesultsin a set of

optimalportfolio weights

The mearvariance optimization is a widely applied framework in portfolio management.
However, it does not come without practical limitations. The most prevalent issue is its
sensitivity to input estimates, meaning that even small changes in expectad oetisk

can lead to significantly different allocationdi¢haud and Michaud2008,5). If there are

no constraints for short selling, utility maximization typically results in large negative
weights for some assets. On the other hand, when theauaivity constraint ( mH "R

is applied, portfolio weighteend to become highly concentrateciiew assets, whilethers
receivezero weightGiventhatthere is no uncertainty in the inpussichallocationscenarios
aretheoreticallyoptimal yetunintuitivein practice(Michaud and Michau2008 31i 32).
Furthermore they rarely align withmarket conditionsand the preferences of investars
Another drawbackin meanvariance optimizations its relianceon the assumption of
normality, which causes inadequate capturingvafuablerisk-return characteristics, as
practice, financialdata often exhibis nonnormal return distributions (Michaud and
Michaud 2008, Di 22). Also, investorsmay have other concerrmutside the scope iist

risk and return, such as liquidity tax considerationswhich are not accounted for in the
meanvariance optimizatiorframework Subsequentlyalternative portfolio optimization

models have been developedaddress and overcorsech shortcomings antimitations

3.2 Black-Litterman model

An establishegortfolio optimizationframework referred to as the Bladkitterman model
wasfirst introduced at Goldman Sachs by Fischer Black and Robert Littefh®®0) in
their research articlefiAsset Allocation: Combining Investor Views with Market
Equilibriumo. Since its introduction, thenodelhasbeen widely adopted isolving various
asset allocation and portfolio optimization problems discussed i8ections 2.1 and 2.3
Mainly, thereason behinds popularityis due to its ability to mitigatestimation errorand
overcomdssuegelatedto input sensitivity anchighly concentrategortfolio weights, all of
which are welldocumented problems in more traditional portfolio optimization methods,

such as in meawariance optimization (ldzoreR007). The foundationsof the modelare
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rooted in a Bayesian statistics apprqaehich effectivelyblends market equilibrium returns
with investorspecific views of the futurperformance of assets (Black and Litterpfe89Q
Black and Litterman]991 Black and Litterman]1992).

3.2.1 Implied returns

The starting point of the Blaekitterman modelis the expected retusof the market
equilibrium,also known as implied returnshere the assumption of thapitalassetpricing

model (CAPM) holds (Walters2014). Theseimplied marketreturnsserve asa neutral
reference pointor the modelwhere no biases are present. In the Bayesian cotlieyare
considered as prior.

According to CAPMthe expected retusiof any assetan beestimatedvith a calculation
that considers thesk-free rate, market risk premium, athebeta of the investment, i,&s

exposure to market rigfSharpe1964). TheCAPM formula is expressed:as
oY Y 1 OY Y o

whereO Yis the expected return of the as$¥ét,is the riskfree rate] is the beta of the

assetO'Y is the expected return of the market, @® 'Y is the market risk premium.

Extendingthe CAPM frameworkthe implied returnsn the BlackLitterman modelare

derived using aeverse optimizatiomethod wherethe marketcapitalizedweightsof assets
in the market portfolicare combined withthe covariances othe assetreturns and a risk
aversion coefficienfWalters 2014). Following Idzorek (2007) hte risk aversion coefficient

represents the market price of righdis definedas a riskadjusted measure of market

returns
oY Y
_ T
Then, heformula for calculatingheimplied returnsexpressed in matrix notatipis:
L 710 3]

wheret is the implied equilibrium return vector,is the risk aversion coefficient,is the
covariance matrix of asset returns, and is the weight vector of the assets in the market
portfolio (He and Litterman1999)
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3.2.2 Investor views

Typically, investors whatriveto outperform the market have specific viewpinions,or
beliefs concerning the expected returnsahe assets, which may differ from the implied
market returns(ldzorek 2007). Importantly, the BlackLitterman model allows for such
subjectiveviews to be considered in the portfobptimizationprocessThus dter having
obtainedheimpliedreturnsthe next step in the model implementation is to defieeeturn

estimatesreferred to asheinvestor views

The investoriews areexpressedsa columrvector0 , where each elementrepresents the
estimated expected return associated with each view, and a tmatrere each elemert
projects the given view to the corresponding asSgtcifying views for all asets in the
portfolio is not required, meaning that the number of views does not necessatiGlythe
number of assets. Thus, the length of the vettisrequal to the number of vieW@ while
thematrix 0 is of size’Q £, whereQis the number of views aridis the number of assets
(Idzorek 2007 Hung et al.2024. Consequentlyy and0 are defined as

n f n

, i E oAy
0 ér]f) é ~E é ®
n Ne E g

Theviews can bexpressee@itherin absolute or relativeerms(Black and Litterman1992

Hung et al. 2024. For absolute views, the sum of the corresponding raignequal to 1,
while for relative views it is equal to 0. To illustrate, let us consider a portfolio consisting of
three assets: A, B, and C. It is believed that the price of asset A will incre&8g imhile
asset B will outperform asset C B%6. Consequently) and0 are defineds

T[8TU6 p T T

v T[8I0n m p p

X

In addition to0 and 0, for eachgiven view a confidence level must be determined,
represeting the uncertaintyassociated with theilew. This uncertainty iexpressed with a
matrix m} The views are assumed to be uncorrelated, resultimg#&ing a diagonal matrix

of size Q Q where™Qis the number of views (IdzoreR007 Hung et al. 2024. Its
diagonal elements j are the variances of the error terms that represent the confidence in
each view, with larger variances indicating greater uncertainty. Consequgiglgefined

as
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Determining the variances of tieeror terms iglifficult and remains a complicated task in
the BlackLitterman model implementatiodypically, a proposed by He and Litterman

(1999),these variancesredefinedas:

T 5 ntn w
wheren is a row vector ob corresponding to th&@h view, and is the covariance matrix
of returns. However, alternative methddsestimating the uncertainty with varying degrees
of freedom have beatevelopedFuhrer and Hock023. Notably,Scherer (201Q)roposed

an interesting alternative when utilizing quantitative forecasting for deriving views by setting

1 § asthe unexplained variances of the respective model.

3.2.3 Posterior returns

After definingthe implied returns and investor views, the next stepe Black-Litterman
model implementatiotis to combine the two through a Bayesian updating method. This
processadjuststhe implied returns with the investor views weighted by the corresponding
confidence leveléBlack and Litterman1992. In the Bayesian contexteresultingmodel

estimates for the expected returns@mesidered posterior.

Crucialfor calculatingthe posterior returngs parametert, which isa scalathat represents

the uncertainty of implied returns. When approaching zero, the posterior returns in the Black
Litterman model converge toward implied returns, meaning that with-tbeserot values

the resulting optimal portfolio effectively represents the market portfolio, or the respective
benchmark (Bessler et aR017). Conversely, when approaching infinity, the posterior
returns converge toward investor views, meaning that the resulting optimal portfolio

increasingly aligns with treereturn estimate@Bessler etl., 2017).
Considering all this e Black-Littermanposterior returns and covariances@ateulated as
oY 1 Om 0 o« 0m 0 p Tl

t t T+ O0m 0 pp
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whereO'Y are the adjusted expected returhss thescalar forthe uncertainty of implied
returns# is the covariance matrix of asset retutnss the vector ofheimplied retuns, 0
definesthe structure of investor views) denotesthe confidence in each view, armd
representshe returnestimates, i.einvestorviews (He and Littermanl1999) Based on the
posterior return estimateshe optimal portfolio weightsare then computed using the

quadratic optimization functioshown inequatiors (1) and(2).

A visual representation of tlidack-Litterman model frameworis presentedh Figure 2 It
providesa comprehensivetepby-stepillustration of the model implementatiordepicting
the combination of themplied returns and investor views derive the posterior return
distribution This frameworkguides and idollowed in the methodology and empirical
analysisof this thesis

Risk Aversion
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Market Capitalization
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Views Uncertainty of Views
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l h 4 A 4
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N~ (T1,7)
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View Distribution

A

N~@Qm

New Combined Return Distribution

N ~ (ERgy, [(zE)" + (PTQ71P)|™Y)

Figure2. Black-Litterman modeframework(Adapted fromldzorek 2007)
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3.3 Deep learning

In recent yearsnpachine learning has become one of the nmpgortant and fastegrowing
technologieshaving seemsuccessful applications across various fields of rese@hthhas

not onlyresulted inncreased performance of existiteghnologiedut paved the way for a
wide array of new capabilities machinegLopez de Prad®018, 3 4; Bishop and Bishop
2024, 1i 2). Furthermore deep learninga subset of machine learnirig,a category of Al
basedechniqueshathasrecentlyproven itseffectivenesandanalytical powein practical
applicationsConsequentlyit hasbecome the most important machine learning technology
since its emergend8ishop and Bisho024, 171 172)

3.3.1 Artificial neural networks

Deep learningcomprisescomputational modelthatlearn from and procesomplex data
through multilayered artificial neural networks (ANN&iming to understand patterns in

data and create predictiofieeCun, Bengio, and Hintgr2015. Unlike traditional machine
learning models, deep learning does not rely on manual feature extraction but is capable of
automating this process through hidden layleussthermoreas theyareinspired by the way

that the human brain learns and processes informatieparealso able to automate tasks

that typically require human intelligen¢Bishop and Bisho@2024 1i 2). The architecture
behind ANNs was first introduced by Warren McCulloch and Walter Pitts (1943) in their

research lacgdiicale @al culus of the .l deas | mn

ANNSs are composed of neurons, atedled nodes, which are interconnecéed organized

in multiple hierarchicallayersthat typically include an input layer, one or more hidden
layers, and an output layd€during a process called forward propagatioacke neuron in the
networkreceivesnput signalsfrom connectedeurons computes their weighted sum, adds

a bias term, and processes the result through an activation futtcteterminean output

to beforwarded tothe connectedheurons(Bishop and Bishop2024, 233 238). Each of
thesecomponergplaysa crucial role in the networKhe weights determine the significance

of the signal, the bias term shifts the activation function to adjust the output, and the
activation function introduces ndimearity to the networkAfter forward propagationhe
networkperforms a processalled backpropagation, where an optimizer algoridttjusts

the weightsand biaseso minimize the error betweerthe actual values anthe predicted



outputs(Joshj 2023,64; Bishop and Bisho @024, 233 238). This erroris measured bthe
gradient of a specified loganctionwith respect tdhe weights and bias termieratively
applying forward and backpropagation across multiple epadtmvs theneuralnetwork to
effectively learn fran training data and generalize to unseen ddtas layered and
hierarchicalarchitecturebehind deep learning modeigsualizedin Figure 3, makes them
particularly useful in timeseries analysis, image and speech recognition, text and language
processing, and autonomous systenysallowing the network taccaptureintricate patterns

and modelling complex relationships in data that are difficult to distinguish with simpler
models(LeCun, Bengio, and Hintgi2015).
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Figure3. Architectureof an artificial neural networiHuang, Zhang, Sresakoolchand

Kaewunruen2021)
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Convolutional neural networks (CNN) are tgpe of ANN, originally developedfor
processing andnalysing griestructureddata. Due tahisfoundation, CNNs are particularly
useful in computer vision applications, such as image and video detection and classification,
object recognition, and caption generat{Bmshopand Bishop2024, 2871 289). However,

they havealso beersuccessfullyapplied in other domains, such as financial tsedes
analysisand forecastingCNNs consist of multipldayers, incluthg convolutional layers,
pooling layers, and fully connected layeshich allow for automatic feature extraction and
learningfrom input datalLeCun, Bengio, and Hintgr2015. Specifically, convolutional

layers filter data to detect patteymehicharethen passed through activation function and
pooling layerdo reducethe dimensions of data, and finally througfully connected layer

to create predictions.

Recurrent neural networks (RNN), on the other handh &rpe of ANNdesigned t@rocess
and analyssequential datavhich is particularly useful in timseriesprediction as well as
in text and languaggrocessingBishopand Bishop2024,380 383).RNNs are based on a
connected looping architecture that allows the network to memorise inforraatiarapture
temporal dependencies/er time However, theytend to havelifficulties with retaining
information over long periods of timdue toa welldocumentedssue ofvanishingand
explodinggradiens (Baek and Kim2018 Bishopand Bishop2024,382).

3.3.2 Long shoriterm memory

Thelong shorterm memory (LSTMhetworksarean advancedlassof RNNs, specifically
efficient in learningong-term dependencies atemporal patterns from sequential deita
gradient descer(Fischer and Kraus2018. This innovative approach was developed by
Hochreiter andschmidhuber (1997) to provide a solution to the problem of vanishing and
exploding gradients, which is significant limitation in deep feedforward networks and
RNNs. ConsequentlylL.STM has beemwidely appliedacross fields of researetith time-
varying datg such asn financial timeseries analysiand forecastingspeech recognition

and classificationand DNA sequerieg (Bao, Yue, Rao, and PodobniR017).

Similar to thediscusseahetworks, LSTM also comprise an input layer, one or more hidden
layers, and an output layer. Contained in the hidden layer(s), however, is the distinctive and
defining characteristic behind every LSTM network, known as the memory cell (Fischer and
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Krauss 2018). This memory cell is responsible for maintaining a cell state, lyhic
essentiallyis a conveyor belt fotransferringthe sequential information and signal flow
betweenthe nodesin the network(Olah, 2015) This key componenin an LSTM unit
enables the network to menmgiinformation ovetong periods of timeln addition each
LSTM unit consists of three gatderget gate, input gatendoutput gateThese gateplay

a crucial role in adjusting the cell state by controlling the infolwnatow in and out of the
cell state(Olah 2015. Specifically, each gate structure is responsibledioroperatiorihat
eitheradds removes or updatesnformation in the cell state tdeterminethe signalsto be

forwardedto connected node$he architecture of an LSTM cellvgsualizedin Figure4.

Ci-i > ) >(+) > C,

Figure4. Architecture of an LSTM cellingolfsson2021)
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Due tothedistinctive memory mechanisiSTM networksoffer significant advantagesr
modellingcomplex noAdinear relationships iflong periodof time-varying dataln addition
their gated architecture allows for controlled information flow, making them robust to noise
and irrelevant patterndNot only do these capabilitiesenhancetheir performance in
predicing, classifyng, andgeneraing outputsbased orsequential datdbut makethema
versatileand flexibleapproachfor various applicationsacrossfields (Fischer and Krauss
2018;Joshj 2023 160) However, there ar@mitations to LSTMthat need to be considered
The nost prominentlimitations arerelated toextensive resource requirementaused by
demandsn data amount and qualitgomputational complexityand slow training times
(Bishop and Bishop2024, 382; Wagas and Humphriezd24. Furthermore LSTM
networksare prone to overfittingmeaning thatn abundanamount of data anextensive
hyperparameter tuningre typically requiredto achieve optimal performan¢8aek and
Kim, 2018. Finally, as LSTM networks areonsidereda black box approaglnterpreting
how they arrive at apecificdecisionrmaybechallenging which potentiallyjlimits the gained
insight (Wagas and Humphrie2024). Despitefacing suchchallenges, LSTM remasa
powerfultool for sequential data analysis

3.4 Technical indicatrs

Technical indicators are mathematical calculatitypscally derived from historicamarket
prices andradingvolumes of financial assefBheir primarypurposas to translate istorical
market datainto interpretablesignals thatprovide an understandingf assettrends,
momentum, and volatilitfYang, Wang, and [.2022. Moreover asLim (2015), Kaufman
(2019), and Dumiter and urca (2023)demonstratehrough multiple examples, technical

indicatorsaid in identifying and predictingeversals and breakouts in the markets

Technical indicators are typicallgivided into two categoriesoverlays and oscillators.
Overlays are technicatdicatorsthat alignwith thescale of thenarket price da, and they

areoften visualized on top of the price chaotrepresent barriers thptovide support and
resistance at different price levels (LiB015 235 236).For example, mving averages and

Bollinger bands areconsidered overlaysOscillators, on the other hand, are technical
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indicatorswhosevalues fluctuatdetweena fixed minimum andmaximumand are often
visualized separately from the price chaprincipally, oscillators provide insight into
relative levelghat indicateoverbought and oversotmbnditionsfor asset (Lim, 2015 236i
241; Kaufman 2019, 34%. For exampleRSIandMACD are considered oscillators.

Simple moving average (SMA) is a commonly used technical indicator that reduces noise
caused by shotterm fluctuations in price data by smoothing out the data ogeeaified
period¢ (Lim, 2015 440). Moreover, t provides a clearer trend directithrat aids investors

in identifying potential support and resistance le\&im, 2015 433). It is calculated as the

arithmetic mean of close prices
Y0 O : 0aéenfidQwQ p Y

Similarly, exponential moving average (EMA) isvédely used moving average indicator
alsoused in reducing noise, smoothing out price data, and identifying tiéntlse SMA,
however, EMA emphasizes recent price changes by increasing their weagfinhg it
particularly useful in dynamic market environmerftsm, 2015 442 445) EMA is

calculated as
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whereparametefQrepresenting the smoothing factar is
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Momentum (MTM) and rate of change (ROC) are momerbased indicatorthatmeasure
the absoluteand percentage change in asset price over a specified dyreggpectively
(Kaufman 2019, 247). MTM calculates the rawifferencebetweerthecurrent price and the
price¢ periods agowhereasROC expresses the same change@ercentageThus, MTM
provides a straightforward view of price movememiile ROC scales the change relative
to the price levelBoth the MTM and ROC are useful in identifyitgllish and bearish
signals (Lim 2015 256 257) They are calculated as
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Moving average convergence divergence (MACD) is a momettasedechnical indicator
that represents the relationstgtween, typically, 12and 26day EMAs(Kaufman 2019
337 339). It consists oA MACD line and a signal linewhich arevisualizedon top of each
otherin the same grapfhe crossovers of these two lirtegnact aspotentialbuy and sell
signals.Also, a MACD histogram obtained by detrending the MACD line against its
corresponding signal linés often used indentifying bullish and bearish changestrend
directions MACD is based on thegrinciplethatthestronget h e aipwardor downward
price movementrend, thegreater thalivergencebetween the two EMAE.im, 2015 453).

The three components are calculated as
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Relative strength index (RSI) imatherwidely usedmomenturabased technical indicator
that measures the speed and magnitude of
over and undervalued price conditions, thus signalling bullish and bearish price momentum
(Lim, 2015, 262) RSI obtains values from a zero to 100 scale. Typicaiajues over70
indicate that the asset is overbought, while values below 30 indicate over@eliimiter
andTurca, 2023, 119120) The calculatiorof RSlis based o average gain and lgsghich
representhe mean oéll upwardand downwargrice movementduring a specified period

¢, respectivelythus calculated as
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Bollinger bands are volatilitpased technical indicators consisting of thdestinct bands
The middle bandepresents SMAwhile the surroundingpper and lower bands aggically
calculatedwo standard deviatiorswayfrom the middle ban@Dumiter andTurca, 2023,
120/121) The distance betweehands measuresmarket volatility with wider bands
indicating highervolatility, and vice versa. Prices approaching the upper baddate
overbuying, while prices approaching the lower band indicate oversflimg 2015, 466
467). Thus, Bllinger bands can be used identify trend reversals andverbought or

oversold conditionsThe three bands are calculated as
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As discussedegthnical indicators can be employed individually by interpreting them against
specifiedthresholdgo detect key support and resistance levelstamqatovide buy and sell
signals In the context offinancial forecastinghowever,multiple technical indicators are
often simultaneouslyncorporatecasmodel inputgo capture patterns in price movements.
Furthermore they aid forecastingmodesk in detecting andunderstandingneanreverting
behaviour inassetpricesthrough trend and volatility patternsit has been established by
multiple previous researchers that incorporating technical indicators as inputs in various
forecasting models increases accuracy in predic{idaslyet al, 2014 Barua and Sharma
2022; Chandar2024. Thus, in the empirical analysis of this research, the presented
technical indicators ofseh sector are used as multivariate inputs in their respective LSTM

models to enhance forecasting capabilities.

3.5 Evaluationmetrics

In the context of this thesisyauationmetricsareessentiafor assessing different aspects
of forecastingand portfolio performanceéspecifically, hey provide a basis faneasuring
theprediction accuracygf thesectorspecificLSTM models as well agherisk-returnprofile
and performance of theonstructedoortfolios. Following the structureof this thesis the
evaluation metrics are divided into two groups: the aneasuringforecasing accuracy
and the ones measuring portfolio performantee selectedevaluation metrics and the
underlyingmathematicarepresenteadhext.

3.5.1 Forecastin@accuracymetrics

Evaluating heperformancef a forecasting model is crucial for understandiogs well the
modelcaptures underlying patterns in dag@nerates accurate predictioasgdgeneralizes

to unseenscenarios To this end the following widely used metricare consideredor
evaluating the LSTMsectormodels mean squared error (MSE), root mean squared error

(RMSE), mean absolute error (MAExNd mean absolute percentage error (MAPE). Each
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metric isbased on measurirggror, i.e, the difference between predicted values and actual
observations In the belowequatiors (30), (31), (32), and (33), ¢ is the number of

observationsw denotes the predicted values, amdlenotes the actual values.

MSE, given by equation (30)s a measure of the average squalifidrencesetween actual
and predicted value@orstanje 2021, 25. It is often useds a loss functiom machine
learning and regression analysis minimize the variance of errors and parameter
optimization.Due tosquaringit inherently penalizes larger deviatiomsakingit sensitive
to outliers.

0 YO g W W o
RMSE, on the other hand, is the square root of the average squared differences between the
actual and predicted valuabus calculategimply by takingthe square root of MSEas
shown in equation (3XKorstanje 2021, 26) Similar to MSE, RMSEalsopenalizes larger

errors and is sensitive to outliers.
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MAE, given by equation (32Js anintuitive andstraightforwardneasure of thenagnitude
of errorscalculated athearithmetic mean of the absolute difference between the actual and
predicted valuegKorstanje 2021, 27. Unlike MSE and RMSE, MAHKIoes not penalize

larger deviationsandhence, igobust to outliers
voO z W WS 0 C

Finally, MAPE is a measure dhepercentage error between the predieted actualalues

calculatedby dividing the errorof each predictiorby the actual valueas described in

equation (33)Korstanje 2021, 28) As it expressesgrrors in relative termst is easy and

intuitive to understand and interprand therefore, often recommendeduse
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3.5.2 Portfolio performancenetrics

Evaluatng portfolio performanceconsidersmeasuringthe effectiveness of the used
investment strategy anassessing theisk-return profile of a portfolia This comprises
computing and analysing differentetricsthat provideinsightinto how well the portfolio
meets the objectives MPT, i.e, maximizing returns and minimizing kisThroughout the
years, arious metricsthat providedistinct perspective on portfolio performance by

emphasizing different ris&knd returrcharacteristics have been introduced

Portfolio return asa straightforward measui& the change in portfolio value over tipig
the most commonmetric usedin assessing portfolio performan¢®arty, 2015, 1i 2).
Depending orthe context investors can usdifferent return measurgsuch as average,
cumulative,or annualized returndVhile average and cumulative retumesdlect aggregate
portfolio performanceannualizatiotransformgeturns into an equivalent yearly ratéhich
enabledetter comparison acrodgferenttime horizonsAnnualized returnarecalculated
asageometric averagef portfolio returns over a yeaaking the concept of compounding
into consideratioriMarty, 2015, 33) Theformulafor returnannualizations:

0¢EEO0wWa@BPRE YQOo 61 ¢ 0T
wheree is the number of periods.

Volatility, on the other hands the most commomeasure of riskit representshe degree
of variation in portfolio returns oveéime and is calculated simpés the standard deviation
of portfolio returnsLike returns, wlatility canalsobe annualized tan equivalent yearly
rate of riskby scalng it with the square root of tim@arty, 2015, 92i 93). The formulafor

volatility annualizationis:
0£¢&06DDLRANTD QWO K ouv
where, is thevolatility over the observed period ahds the number of periods in a year,

depending on the frequencyabservations

Sharpeaatiois a measure of risidjusted returns of an investméifarty, 2015,167) Since
its introductionby William F. Sharp€1964), it has secured its plaeenongthe most used
performance measuréesportfolio analysisdue to it considering both returns aralatility

simultaneouslyln terms of interpretability, a higher Sharpe ratio indicates greater returns
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per unit of risk taken, while a lower or negative Sharpe ratio indicates underperforfhance.
is built on the assumption of CAPMencecalculatedas
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whereO 'Yare the expected portfolio returns,is the riskfree rate, ang is the standard

deviation i.e., thetotal volatility of a portfolio.

Sortino ratio is another commonly usedsk-adjusted performance metrgroposed by
Sortino and Price (1994Compared toheSharpe ratio, howevat,only considers downside
volatility rather than total volatilitfMarty, 2015, I6). Adjusting for downside riskthe
Sortino ratio focuses die volatility associated with negative retyrmeaking itarelevant
metric for investors emphasizing riskversion Moreovet it is effective in identifying and
evaluating portfolio®xhibiting asymmetric return distributiarisis calculatedas

"YE i O'%&"EH!Q'Y ! o X

whereO "Yare the expected portfolio returnis,is the riskfree rate, ang is thedownside

standarddeviation

Finally, maximum drawdown(MDD) is a widely used risk metrithat measureshe
maximum lossof a portfolio from its highest (peak) tats lowest (trough)value over a
specified periodFabozzi and Pachamanov2016, 3940). By measuringthe peakto-
troughdecline it is considered an indicator of downside rigkd therefore, ofteased in
evaluating portfolio resiliencin adverse market conditions.is expressed as a percentage
of the peak valuand calculateds
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Theseperformance metricare comprehensivelyusedin the empirical analysis of this
researcho evaluate theeveloped-STM-Black-Litterman asset allocation strategyd the

two benchmark strategieSpecifically, each metric is computed falt portfoliosin each
holding period and analysed comparatively to identifye besiperforming strategy By
integrating measured both risk and returns, this approach ensures a thorough assessment

of portfolio performancehat is consistenwith the objectives of MPT.
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4 Datadescription

This chapteprovides a detailed descriptiontbk datausedin the empirical analysis of this
researchFirst,it presentshe dataset anddiscusseshe process adata collectionThen,it
explains thedata preprocessing and feature engineesteEps Finally, it examines
descriptive statisticand correlatiogof thesectompricesand returnso gain insight into the

distribution, central tendency, variability, and shape

4.1 Data

The dataused in thigesearckconsidershistoricalmarket dataof ten MSCIGICS sectors
communicationservices, consumerdiscretionary, consumer staples, energy, financials,
healthcare,industrialsjnformationtechnology materials, anditilities. Sectoral allocations
were selectedas they have been fouma outperformgeographic allocation during global
economic cries and market regime shiftBéssler et al.2021). Accordingly, the MSCI
World Index represenhg the marketcapitalizationweightedperformancef theindividual
GICS sectors is used asa market benchmark Furthermore yields of the 3month US
treasury billareused as proxies for the rigtee rate All data wascollectedasendof-day
data point§rom 30/09/2004 to 30/09/202&he MSCI index data wa®btainedfrom the
LSEG workspace, while ther@onth US treasury bill yields were obtained frimaFederal
Reserve Bank of St. Louigach initial index datasetconsisted ofdistinct columns for
exchange date, closepen, low, highandnet change. Howevecolumns other thathe
exchange date arudbse price were droppadonly retainrelevant featurefor theempirical

analysis

Importantly, allthe price data islenoted in USDwhich minimizescurrency discrepancies
andensuregonsistencyn theanalysislt is to be notedhoweverthatthe underlying stock
constituents are from various developed countaesl therefore,are influenced by local
currenciesmeaning thasome exposure to currency fluctuatisamains Furthermorethe

close prices of eadtiatasetire expressed as net total returns, meaning they reflect the price
performance, dividends, and withholding taxes andknerated income. Since dividends
and taxpolicies can vary across countries and sectihnis, representatiorprovides a

conservative yet realistic basis fewaluatingperformance Also, it offers an accurate
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measure ofhe returns that ainvestor can realistically expect to recei&ally, eachprice
indexis expressed in nominal terirend die to theelativelyshort to midterm investment
horizonof theempiricalanalysisn the context oinflation sensitivity, they were not adjusted

for inflation.

4.2 Preprocessingnd feature engineering

The exchange datd each observation was converted&tetime format and set as the index
of eachMSCI GICS sectodataset.Also, daily returns based on the close prices were
calculatedlIn line with the research objectivéhe dailyclose prices and returns wehen
aggregated tamonthly frequency. After aggregatiogachsectordatasetonsisedof 241
endof-month observationsangingfrom SeptembeR004 to September 202#he monthly
close prices anthecorresponding returns ttieindividual sectors argisualized inFigures

5 and6, respectively.

Monthly Close Prices of MSCI GICS Sectors
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Figure5. Monthly closeprices ofthe MSCI GICSsectors
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Monthly Returns of MSCI GICS Sectors
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Figure6. Monthly returns otthe MSCI GICSsectors

To ensure consistencyid same preprocessiatepsapplied to thendividual sector indices

werealsoappliedto theMSCI World Index Moreover theinitially annualized yields of the

3-month US treasury bill wereonverted toa monthly frequencyThe resulting monthly

close prices of thSCI World Indexand the yields of the-Bionth US treasury bilare

visualized inFigures 7 and8, respectively
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Figure7. Monthly closeprices of the MSCI World Index
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Monthly Yield of the 3-Month US Treasury Bill
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Figure8. Monthly yields of the 3nonth US treasury bill

The MSCI World Indexis a global stock market index that tracks the performance of large
and midcap companies across 23 developed mar@dSCIl, 2024) Accordingly, he
individual MSClI sector indicesovertherisk-returndynamicsof thesamemarket segments
The nitial marketcapitalized sector weightsf the MSCIWorld Index representinghe
market equilibrium as of December 202dere obtained from the MSCI (2024) website.
This selection of historical weighpevens look-ahead bias in the Bladkttermanmodel
implied returrs calculatiors, and subsequently, in thgortfolio performanceevaluation.
Furthermorefollowing Barua and Sharma (2022) and Yao et al. (2@Bdjeal estate sector
was excludeddue to its distinctive risketurn profile to ensure consistency and
interpretabilityin the analysisConsequentlythe initial sector weightsverenormalized by
dividing eachweight by thetotal sumto obtainadjused allocations Theseresulting sector
weightsin Table 1lrepresenthe marketcapitalizedweightsusedin the BlackLitterman

model implementatian
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Table 1. Marketapitalized sector weights

Sector Weight
Communication Services 8.55%
Consumer Discretionary 12.62%
Consumer Staples 7.12%
Energy 3.22%%
Financials 1356%
Health Care 1300%
Industrials 1051%
Information Technology 24.3%
Materials 4.21%
Utilities 2.82%

Finally, the echnical indicators presentedSaction3.4 werecalculatedor eachindividual
sectorusingdaily close priceslin line with the research objective andethodologythey
werealsoaggregated ta monthly frequencfter initial feature engineeringhe technical

indicatorswith the specified periodssedarelistedbelow inTable2 andvisualizedby sector

in Appendiced to 10.
Table2. Technical indicators
Technical indicator Description Period =
SMA Measures average price over time 20
EMA Measures weighted average price over tamghasizingecent prtes 20
MTM Measureghespeed of price change over time 14
ROC Measures percentage change in price over time 14
MACD Tracks trend and momentum over timigh EMAs and a signal line [12,26,9]
RSI Measureghe speed and magnitude of recent price changes over ti 14
BB Measures price volatility around a moving average over time 20

4.3 Descriptive statisticand correlation analysis

The scale ofthe close pricesvariessignificantly acrosssectors aspresentedn Table 3
Informationtechnologypricesrangefrom 51.43 to 918.74, while communication services
only coves pricesfrom 54.45 to 234.93ln addition to having the widest price range,
informationtechnology alscexhibits the highest variability with a standard deviation of
213.14 while communicatiorserviceshas the lowesttandard deviatioof 43.26 indicating
stability in pricemovementsMeanwhile,consumeidiscretionary consumesrstaples health

care, industrials, andnaterials exhibit moderate variability with standard deviations of
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150.82, 116.65, 142.98, 129.26, and 116.02, respectiVhb.highest meaand median
pricesare observedn materials andenergy, with meanprices of 346.40 and 314.73 and
medianprices of 321.99 and 314.33espectively indicatinghigher price levels compared
to other sectordn addition, # sectordepictright skewnes priceswith positive values.
Informationtedhnology has the highest positive skewness of 1.34, wbitsumer staples
is the least skewed sectaith a skewnessof 0.22,reflecting a more balanced distribution
of prices Moreovetr consumerdiscretionary,consumerstaples, health care, industrials,
materials anditilities with negative kurtosidepictmore everistributionswith less extreme

tailscompared to other sectors

Table 3. Descriptive statistics of sector close prices

Sector Mean Std Dev  Min Median Max Skewness Kurtosis
Communication Services 112.90 43.26 5445 112.73 234.93 0.85 0.08
Consumer Discretionary 256.05 150.82 65.41 222.38 598.29 0.77 -0.63
Consumer Staples 266.50 116.65 96.53 269.00 504.16 0.22 -1.26
Energy 314.73 74.47 163.76 314.33 507.63 0.51 0.14
Financials 163.43 53.93 53.55 154.29 326.62 0.61 0.07
Health Care 255.73 142.98 85.28 245.81 598.42 0.61 -0.91
Industrials 280.20 129.26 89.78 256.77 644.78 0.76 -0.33
Information Technology  245.08 214.14 51.43 15158 918.73 1.34 0.77
Materials 346.40 116.02 150.45 321.99 648.99 0.68 -0.21
Utilities 209.76  63.90 99.57 196.01 384.06 0.54 -0.77

The descriptive statistics akturnsalsoreveal variationin levels of average performance
and volatility acrosssectors asshownin Table 4 Information technology stands out for
having the highest mean and median retwfnl.23% and 1.70%, respectiveindicating
strong overall performancén contrast financialshasthe lowest mean return of 0.60%,
while utilities havethe lowest median return of 0.92%. Enerfjpancials, andnaterials
exhibithighvolatility with standard deviations of 6.78%, 5.98%, and 6.16%, whidikafg
driven bytheir large drawdown minimums 6£9.38%,-25.83%, and26.66%andstrong
maximum gains of 29.07%22.55%, and 15.33%espectivelyOn the other hand, defensive
and more stablsectors such asconsumerstaples,health care, andutilities exhibit low
volatility with standard deviations of 3.36%, 3.73%, and 3.98%, respectiMelyative
skewness across all sector returnshiservedindicatingthat extreme negativeturns are
morefrequentthanextreme positive@nes Furthermoregenergy,financials,industrials, and

materials with high kurtosis of 2.52, 2.97, 2.49, and 2ré§pectively, suggebeavier tails
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in return distributionswhich in turn indicateghat extremepositive and negativeeturrs are
morefrequentin comparison to other sectolgotably, these statistics highlight the distinct
risk-return characteristics @achsector alsodemonstratinghathigher average returrase

often coupled with increased volatility and downside risk.

Table 4. Descriptive statistics of sector returns

Sector Mean Std Dev Min Median Max Skewness Kurtosis
Communication Services 0.69% 4.45% -13.85% 0.97% 13.05% -0.44 0.76
ConsumeDiscretionary 0.89% 5.20% -17.73% 1.12% 18.69% -0.06 1.55
Consumer Staples 0.75% 3.36% -12.63% 0.97% 8.50% -0.59 0.93
Energy 0.67% 6.78% -29.38% 1.03% 29.07% -0.10 2.52
Financials 0.60% 5.98% -25.83% 1.38% 22.55% -0.59 2.97
Health Care 0.82% 3.73% -11.98% 0.95% 11.61% -0.43 0.54
Industrials 0.83% 5.16% -21.93% 1.57% 16.79% -0.69 2.49
Information Technology 1.23% 5.38% -18.80% 1.70% 13.66% -0.44 0.55
Materials 0.79% 6.16% -26.66% 1.06% 15.33% -0.64 2.16
Utilities 0.64% 3.98% -13.35% 0.92% 8.29% -0.76 0.78

In addition tothe descriptive statistics,ocrelatiors werealsocomputed to furtheexamine
the relationship between sector return$he resulting correlation matrix is presented in
Figure 9. Notably, industrials exhibit a strong positive correlationwith consumer
discretionary, financials, and materialsiith coefficients of 0.90, 0.89, and 0.88,
respectively indicating a strong linear relationshijn their returns In contrast the
correlation of the energy sectovith the other sectors is relatively lpwneaning its
performance isnfluencedby more unique driverdzurthermore, defensiv&ectorssuch as
consumer staples, health care, and utilities exhibit relatively low correlationmatk
cyclical sectorssuch as consumer discretionary and information technojmgyiding
stability in crosssectoralallocations Overall, the correlation matrix highlightbat the
sectorreturnsprimarily exhibitastrong positiveeorrelationwith coefficients exceedind.7.
This, howeverjs understandableas thenacroeconomidown and upward trends of global

equity markets are often strong and reflected across sectors
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Correlation Matrix of MSCI GICS Sector Returns
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Figure9. Correlation matriof sector returs
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5 Methodology

This chapteroutlines the methodologyused in the empirical analysis of this research
Following thestructure of this thesishé methodology islivided intotwo parts. Firstjt
explains theLSTM forecasting approachncluding the development, architecture, and
parameter selectioras well as the process of training, validating, and testingdhbtor
models Then, the stepby-step mplementation of the Blaekitterman modelusedto
construct theoptimal portfolics is discussedAll programmingand computationsvere
carried outwith Python 3.11.9n Jupyter Notebooksllowing for interactive and redime
execution and result monitoringloreover the analysis utilized a variety of Pythiioraries
including NumPy, Pandas, MatplotlitfA-Lib, VectorBT, Scikit-learn TensorFlow,and
Keras

5.1 LSTM model implementation

In line with theresearclobjective past close prices and technical indicators were defined as
the input features, whiléhe close priceof the subsequent timestemsdefined as the target

As LSTMneural networks argpecifically efficient in capturing temporal dependencies and
patterns in sequential tirseries da, a lookback window and lagged featuvesreutilized

in modelling The lookback window specifies the number of past observatiensmodel
considers whemaking predictionsstructuring the input data to tihe sequentiahature of
LSTM. Lagged features, on the other harepresenindividual variablesusedas input
featuresat each timestepConsequently, dookback windowof either 3 or 6 monthwas
specifiedfor each sectomand br eachinput featurelagged variables were created based on

the size othislookback window

In machine learningraining,validating and testinghemodekis crucial Accordingly, the
initial sectordataset weredivided intothree subsectiongraining data, validation data, and
test dataThe datasplit was conductedby defininga cutoff index for boththe validation
and test datets For validationdatg a 24month period was selectamhrresponihg to 10%
of the complete dasat (Prater, Hanne, and Dornberg@024 Wang, Zend, and Yuan
2024). The st periog on the other handyasselectedo start after the price peak tife

MSCIWorld Indexobserved in Decemb@021, as seein Figure 7 resulting ina 33month
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periodreserved for oubf-sample testingrhis data splittranslates to a training period from
September 2004 to December 2019, a validation period from January 2020 to December
2021, and a test period from January 2022 to Septembenr&biz, in turncorresponds to

184, 24, and 33 observations, respectivalyith this approach the training period is
characterized by multiple economic shocks, includimgfinancialcrises 02008 and 2011

while the validationperiod covers the COVI9 market crash anthe early recovery
(Mroua and Laming2023) Importantly, his ensures the learning and capturing of both
favourable and adverse market conditidMsreover the test seimarked by the 2022 market
crash,covers both downand upside marketrends, whichenabls robust performance
evaluationof the developed strate@y various marketonditions

In addition to splittinghe datanormalizationis essential before feeding data iatoLSTM
networkdue to theiinherentsensitivityto the scale otheinput data(Baek and Kim2018;
Wanget al, 2024). As observed irBection4.3, thescale ofclose pricevariessignificantly
across sector§hus each datasetasnormalized using mimax scahg, which transforms
the observation®f eachfeaturein theseriesto a Tp scale(Baek and Kim, 201:8Mroua

and Lamine2023 Chandar2024. The mathematical formulef the used scalers is
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wherewis theoriginal unscaled valye is the normalized valuef & andi E to and

i A@ are theminimum and maximum valuesf a specific featurdn the series,

respectively

Importantly thescalers werétted only to thetrainingdata andaterappliedto thevalidation
and testsetsto prevent data leakagend lookahead biasensuringthatthe modek do not
have access fotureprice distributiongluring trainingthrough scalingFischer and Krauss,
2018;Cao, Li,and Li, 2019. However this appoachintroduces a limitatiomelated tqorice
predictions In financial marketspricesare generallyexpected taisein the longtermdue
to economic growth anahflation, as famously argued by Siegel (8)9meaningthe price
distribution ofthe training datasedo derivethemin-maxrangefor thescalinglikely differs
from that ofthe validation and testlata Consequentlyduring inverse transformatiothe
price predictionsreflecttherange of the historicdtaining datainstead of the actual future
price levels Even if an unbounded activation functigdhat allows LSTMs to generate

predictionsbeyondthe Tip rangeis usedthislimitation remainsasthepredictions outside



50

thisrangeare extrapolated based on thstoricalprice distribution As a resultthe ability
of the models to reflect the true future price levels is constrawbdcth may lead to
conservativeynrealisti¢ or inaccurate predictions, particulalythedeviations betweethe
pastand futurepricesare significanPassalis, Kanainen, Gabbouj,losifidis, and Tefas,
2020. Although some practitionerssuchas Baek and Kim (2018) ar@handar (2024),
prefer normalizing the full dataset before splittittge datato mitigate ths issue the
normalization approacemployed in this researehas selectedue to its ability tqoreserve

therealworld applicabilityof the models.

The target variable and input featungere definedfor eachsectordataset followed by
consistentdata spliting and normalization Having prepared althe dataetsfor LSTM

forecasting distinct models for eaclsectorwere developedo enablethe learningand
capturingof sectorspecific temporal dependencies and patte3pscifically, tenbatches of
LSTM models withmultiple model configurationgn each batchverebuilt for training and

validation

5.1.1 Expanding valk-forward crossvalidation

An expandingwalk-forward crossvalidation approachwas employed in conducting
parameter selectioand optimizationto validateeachLSTM model and ensurenodel
robustnessAccording to Pardo (1992)his validation technique igarticularly fitting for
time-series analysjsas the sequential naturef datais preservedAlso, progressively
expanding theraining set with each iteraticaigns withthe objective of thisesearchas
the initial training set igselatively small due to data aggregatidiith this approachthe
LSTM modek areexposed tancreasingly larger training data samplbjch enhancethe
learning processHowever, asLopez de Prado (2018, 155) arguedis can lead to
overfitting. Thereforeto avoid overtraininghe modelswith repeatednputs a validation
interval of 6 months was introduceahich reduceshe number ofterations and in turn,

allowsfor bettergeneralizatioron out-of-sampletest data

As the validation dataf each sectatovers 24 months of dathe expandingvalk-forward

validation consistedof four folds, with each fold representing six months of data to be

predicted and validatedhitially, each model wasrained on all data up to the start of the
validation setThetrained modedwerethenused tagenerate predictiorfsr the close price
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of thesix monthsin thevalidationinterval onemonthat a timewhich were validated against
the actualvalues After each fold the actualklose price of the predictedmonths were
included in the training segxpanding it and the modelasonce again trained on all data
up to the nexvalidationintervalto be predicte@nd validatedThis processvasiteratively
executed across dur folds. Figure 10 illustrates thestructureof the expanding walk

forward validationapproach

Fold | 09/20041 12/2019 | 01/20207 06/2020 | 07/202071 122020| 01/2@17 06/21 I 07/2@17 12/2@1 | 01/2022i 09/2024
1 Training
2 Training
3 Training
4 Training

Figure10. Expanding valk-forward validation approach

5.1.2 Architecturs and parametesptimization

Each LSTM model consistiof two layerswith the second layer having half of the neurons
of the first layer Acrossthe model configurationseither16, 32, or 64LSTM units were
consideredor the first layer, andonsequentlythe second layer ha@l 16, or 32units,
respectively After each layer, aropout layer with a dropout rate of 20% wasoduced
This aids the modeln avoidingbecoming too dependent on specific neuronsamglomly
settingtheir input to zero,which preventsoverfitting andincreasesnodelgeneralizability
(Fischer ad Krauss2018. Lastly, thefinal layerwas definedas afully connected Dense
layer witha singleneuronand a linear activation functiahat processes the output of the
second layer angroduces singlevalueoutput which after inversecaling,correspond$o

the predicted closprice (Baek and Kim2018. Importantly, thelinear activation function

in the Dense layer is unbounded, meaning that it does not restrict the output to a range of 0

and 1, even in the case of mimax normalization of the input features.

In model training Adam optimizey a common adaptive optimization algorithm for
stochastic gradient descent dieep learning and LSTMnalysis was usedMroua and
Lamine 2023) Accordingto Keras Adam optimizedefault the learning ratea critical
tuning parameter that controls the optimization process by determining the step size during
each iteration whilaiming tominimizethe loss functioywas set to 0.00&crossall models
(Gao,Wang, Zhou, and Gupt&021; Prater et aJ.2024). Furthermore the loss function
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measuringnodelerrorduring backpropagatioandguidingthe selection of optimal model
parametergrascomputedasMSE onnormalized valuesas shownn equation(30), and was

monitored across allalidationfoldsto assess model performance

Anotherkey parametein LSTM modellingis the batch size, whicliletermines how many
samples are processed in each iteration during training before updating the model weights
In this implementation, itvas set to either 16 or 3itross all modelso find a balance
between performance and efficienéylso, & mentioned earlierhé size of the lookback
windowwas set t@ither3 or 6 monthscross model configurationBinally, early stopping

was applied durintrainingto further prevent overfittindgzarly stopping is a mechanism that
forces the training process to stibghe validation loss does not improve after a selected
number of consecutivepochqPrater et a].2024) In this case, the number of epochs across

all models was 1Q@vhile the patience for early stopping was set to 10 epochs

The parameter selection amyperparameter tuningereconducted via grid searctvhere
the performance of eachodel configuratiomwith a uniqguecombination of parameters was
evaluatedduring each iterationTable § summarizingthe considerednodel parameters
showsthattherearea ¢ ¢ p ¢LSTM model configurationpersector Subsequently,

the modelconfigurationachieving the lowest average validation lass saved as the best

model
Table 5. LSTM parameters
Parameter Description Value
Layers Number of stacked layers in the LSTM network 2
Neurons Number of LSTM units ireach layer [16, 32, 64]
Dropout Rate Percentage of randomly dropped units 20%
Optimizer Algorithm used to update the weights during training Adam
Learning Rate Step size at which the optimizer updates weights during train 0.001
Loss function Measure of the error between predictions and actual value MSE
Batch Size Number of samples processed before updating model weig| [16, 32]
Lookback Window Number of previous timesteps used as model inputs [3, 6]
Epochs Number of passes through ttraining dataset 100
Early S_topping Number of consecutive _epochs with no improvement after wr 10
Patience training is stopped

Havingfound theoptimalparameterfor each sectoafter training and validating the LSTM
models thebestmodek wereretrainedwith all availabledata up to the start of the test.set
Thesefinal models were then useéd generatgrice predictions for each sector over the 33
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month test period, onenonth at a timelFinally, the predicted outputs were inverse
transformedvith the samecalersappliedduringnormalization to obtaithepredicted close

pricesusedto derive theBlack-Litterman modeliews.

5.2 Black-Litterman model implementation

The data split applied in LSTNbrecastingwas consistentlyusedin the BlackLitterman
model computationsSpecifically,historical data prior tthetest setvasusedfor computing
the impliedmarket equilibriunreturns while theout-of-sampledata wasisedfor portfolio
optimizationand performancevaluationimportantly, thisapproachensureshat theBlack-
Litterman modedoesnot have access to future informatainthe time of simulatigrthus

avoidng data leakage and loahead bias

Reflecting on the Blackitterman model framework iRigure 2 similar steps were followed
in this modelimplementation The covariance matrix wasfirst calculatedto capture the
risk-returnrelationships betweethe sectorsThen,therisk aversion coefficient, defined
as a riskadjusted measure of the market retusas calculatedusing theequation(4)
(Idzorek 2007; Harris et al.2017) Finally, theimplied returna. werederivedusingthe
market weights) presented inTable 1, along withthe covariance matrixna the risk

aversion coefficientas definedy equation(5).

Havingobtainedthe implied returns, the investor views were definegt Theview vector
0 wasconstructecbased on theeturrs calculated fronthe closeprice predictionsof each
LSTM sector modeland thematrix 0 was specifiedto projectthesereturns as absolute
views for each sectoBincethe views are based on forecasting, nierix mrepresenting
the uncertaintpf theseviewswasconstructedased on thpredictive accuracy of tHeSTM
models(Barua and Sharm&022) Specifically,the averageMAPE of the past validation
predictionswas usedto once againavoid data leakage antbok-ahead biasThen, n
accordance wittHe and Litterman (1999) anBuhrer and Hock2023), the scalar T,
representing the confidenaethe marketequilibrium returnswas seto 0.05.Finally, the
adjusted posterior returns of the Blddktermanmodelwere calculatedby combining the
implied returnswith the investor views weighted by the correspondingicertainty as
defined byequation(10).
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5.2.1 Weight optimization

Consideringthe objectiveof developinga relatively long-term yet dynamically adaptive
asset allocatiorstrategy a holding periodof 24 monthswas selectedor the portfolio
construction and performance evaluatiBarua and Sharma022 Lepone and Yan, 2024)
Consequentlythe portfolio optimization was conducted by rolliag24-month holding
period window over the 3onth test setwhich resultedn ten LSTMBlack-Litterman
portfolios In line with the LSTM forecastingapproach monthly predictions were
incorporated into the Blaekitterman modeks absolute viewat the start of each month
within a holding periodo computethe updatedposterior return estimate¥he portfolice
werethen rebalanceblased on these estimatesng theclosedform quadratic optimization
in equation(2) to determindghe optimal weightfor each monthThis process wageratively
repeated for each rollifgpldingperiod Importantly, shortselling was not allowedneaning
the portfolio weights were constrained to range from Q fbhis approaclensues thatthe

allocationsremainnornnegativeand do not exceetthe btal capital invested.

In terms of theVISCI World Indexand1/N diversificatiorbenchmarlstrategiesrebalancing
was not requiredThe MSCIWorld Indexdynamically adjustshe sector weights based on
marketcapitalization, removing the need for rebalancifige 1/Ndiversification on the
other handis a simple allocation strategy where weight is uniformly distribbegtdveen all
considered assets, heraisoknown asequatweighted omaivediversification(DeMiguel,
Garlappi, and Uppal009 Allaj, 2020. As the analysis consideten sector indiceshe

1/N diversificationportfolio allocakd 10%to eachsecta with theweights remaiimg stable
over time regardless of the performance of the constitueright of this,transaction costs
caused byebalancingvere accounted for in the LSTBlack-Littermanreturn calculations

to ensure a fair comparison between shrategiesandto further validatehe applicability

of the developed strate@y realworld investmenscenariosin accordance witBarua and
Sharma2022) and Yao et al. (2024 transaction fee of 25 basis points per transaction was
chosen Finally, the portfolios of each strategy across all ten holding periods were
comparatively evaluatadsing the performance metrics presenteskiction 3.5.20 identify

the bestperforming strategy.



55

6 Empiricalresults

In this chapterthe results of thempiricalanalysisare presentedrirst, theperformanceof
the LSTMsectormodek is examinedfocusing on botlihe expandingwalk-forward cross
validation andthe out-of-sampletest results The validation and testesults are also
comparativelyanalysedto assess the generalizability of thwdels Then, theresulting
allocatiors of the LSTM Black-Litterman portfolis areexaminedFinally, the performance
of the LSTMBlack-Litterman, MSCIWorld Index and1/N diversificationportfolios are
comparativelyevaluated ovethetenrolling 24-monthholding period to identify the best

performingstrategy

6.1 LSTM performance evaluation

LSTM units, batch size, and lookback window are the parameters subject to etlrerge
finding the optimakectormodesk, as shownn the parameter grid iiable 5. Therefore, to
ensure clarity and distinguighe modek from each othewithin sectos, the expression
0 "Y"Y0 ¢ "GO d 0T '© ¢ QA K16 Q és disedvhen referring to each configuration
To evaluatethe results of the expanding wéltlrward crossvalidation the average
validation MSE and MAPE across folds was tracked &br sectors andmodel
configurations. Thevalidation results with the besperforming models highlighted
including themeanand standard deviation of the accuracy measures within each seetor

presented in Appendix 11

As shownin Appendix 11 as well as irFigures 11 and 12he validationresultsreveal
differencedn prediction accuraciescross model configuratiof@tween sectorémplying

that some sectors arréherentlymore predictable than othessth consistentlyjower losses

This isreflected inthelowestand highesineanMSEs of 0.0126 and0.09380andMAPEs

of 5.42% and 12.34% observeth consumer stapleand materials respectively The
prediction accuraciessovary significantlyacross model configurations within eagttor
suggestingthat certain combinations of parameters consistergult in more accurate
predictionsand thatsome sectors are more sensitive to changes in parameters than others
This, on the other had, is reflectedin the lowest and highest standard deviaiohMSEs

of 0.004® and 0.07%5 and MAPEs of 1.39% and 5.76% in energy and materials
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respectivelyBy demonstrating howSTM performs in predictinghe monthly performance
of different sector&and howthe parametersnpactthis performancewithin thesesectors,

theseresults emphasize the importanceomprehensivenodel validation.

Average MSE by Sector and Model Configuration

sector
s Communication Services
B Consumer Discretionary
= Consumer Staples
= Energy
mmE Financials
mmm Health Care

mmm Industrials

0.20 1 mmm Information Technology
mmm Materials
mm Utilities

0.15 + 1

Average MSE

o
=
5

» o » o
. o .

Model Configuration

Figurell. AveragevalidationMSE by sector and model configuration
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In alltheloss curvegresenteth Appendix 12boththetraining and validation logsexhibit
rapid decline duringheinitial epochsbefore stabilizingat relatively low levelsindicating
successfubnd efficientmodel training anadonvergenceAlso, the loss curves show that
early stoppingvassuccessfullyemployed, as the number of epoclid not reach the total
of 100 in any of thesectormodels As expectediraining lossemairs lower than validation
lossfor the most part, and whilhis gap varis across sectord, is not excessively largm
anyinstanceFurthermorewhile someearlyfluctuations and occasional spikes in validation
loss can beobserved, particularly in financials and information technoldlygy quickly
stabilize Therefore no clear signs of oveor underfittingcan bedetectedrom the loss

curves

The bestperforming modelsn validation summarized in Table GJemonstratestrong
predictive accuracyn most of the sectors witMSEs below 0.01 and MAPEs below 5%.
The highest predictabilityvas found in consumer staples and communication services
which achievel the lowest MSE and MAPE values of 0.085&nd 3.84%, respectively.
Also, health carexhibited comparablffow MSE and MAPE values of 0.006@nd 3.95%.
This indicates that thespectivanodels efficiently learedthe relatively consistent patterns
and stable trends present in thdetensivesectors, subsequently managing to replicate their
behaviour in unseen scenarios accurat@ycontrastinformation technologynd energy
sectormodelsexhibited the lowest prediction accuracyith MSE and MAPEof 0.01188

and 6.62%, respectivelyWhile these error measuresindicate moderately strong
predictability,theyalsoreflectthe increased difficultpf capturingthe complexity and noise
presenin the datacaused bysectorspecifictrends andvolatility patterns Overall, despite
thesevariations themodek deliveredrelatively low lossesdemonstratingtrongpredictive

performanceacross altensectors
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Table 6. Summary of validation results by sector

Sector Optimal model configuration Avg. MSE Avg. MAPE (%)
Communication Service: LSTM(64, 32, 3) 0.00896 3.84
Consumer Discretionary LSTM(64, 16, 3) 0.0098 4.59
Consumer Staples LSTM(32, 16, 3) 0.0053 3.95
Energy LSTM(64, 16, 3) 0.0078 6.62
Financials LSTM(64, 16, 3) 0.00661 4.61
Health Care LSTM(64, 16, 3) 0.005® 3.95
Industrials LSTM(64, 16, 3) 0.00646 4.38
Information Technology LSTM(64, 32, 3) 0.01188 4.97
Materials LSTM(64, 16, 3) 0.0082 4.19
Utilities LSTM(64, 32, 3) 0.0085 4.28

As seen in theptimalmodel configurations Table 6 the use of LSTM units across sestor
washeavily concentrated dargermodels with nine sectors using 64 unitsne using 32
units and none using 16 uniBased on thisesult it is evident that a higher number of units
was preferred implying that LSTM networks require more neurons to sufficiently capture
thepatterns and dynamias financialdatg even if the dataset is smadflowever, the strong
performance of consumer staples with 32 uait® demonstratebe ability of LSTM to
perform well even with simpler architecturd@hese findingemphasizehe importance of

finding a balance between model performance and complexity.

The use obatch sizalsovariedacross sectomith seven models using 16 and threedels
using 2. Smaller batch sizgallow for more frequent weighipdatesintroduang noise into
the learning procegbatcan improve generalizatiom contrastlargerbatch size process
moretraining samplesn one iterationyeducing the updates in modeeights While this
can make the process of capturing patterns in dynamic and noisy financial data more
difficult, especially with smaller datasets,cén lead tdncreasedstability. In this casea
batch size of 16 was small enough to capture ssgiecific temporal patterns most
sectorswhile maintainingthe stability of convergence and avioigl overly noisy gradient
estimats, which resultedn improvedlearning However, in the three other sectonghere a
batch size of 32 was usedcreased stability of convergence weededo capture broader
trends andeduce the impact of volatilityrhesefindings highlightthe sensitivity of model
performance to batch sizand further emphasizehe importance of finding a balance

between model performance and complexity
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Interestingly the bestperformingmodek consistently used the shorteokback windowof
three monthssuggestinghat the price movemenégross sectomsereprimarily influenced
by shortterm patternsBy focusng on recent trendsthe modelsrespondedjuickly to
fluctuationsin prices and therefore were able to adapgb changingmarketconditions.
However the lookback window wasilso long enough to capturgends that spared
multiple months.This finding of a preference for shorter lookback windewgphasizethe

importance of capturing sheteérm dynamics in financial forecasting.

Thedominant model configuraticacross sectomasi "Y'Y§ tp §o , whichachievedhe

best resultsn six out of the ten sectors Notably, this indicatesha sucha configuration
resultedin arobust model thawasable to adapt to diverse sectoral datiae large number

of LSTM unitsenable& the capturingf complex patterns and dependencies in data, the small
batch sizéed to improvediearning andjeneralizatiorio unseen datandtheshortlookback
window allowed the modes to focuson andquickly react toshortterm market trends

momentumandshocks in volatility

After comprehensive model validation, thptimalmodek were usedo predict33 months

of out-of-sampledata.To evduatethis testperformance, MAPE was used as the primary
accuracy metricas it is also usetb define the confidence in the Blatkterman model
view inputs Additionally, MAE and RMSE were computed fa more comprehensive
understandinggf model accuracynd to complement the results indicated by MAPEe
testperformancenf eachsectormodelis presentedn Table 7

Although the market environment, i.e., trends, momentum, volatility, and sgoific
conditions,differs between the validation and test sets, the results esthomnsistencyin
modelperformanceSevenout of the ten sectors achieMenpressive MAPESs below 6%s
shownin Table 7,indicating strong predictability of owdf-sample test dataBased on
absolute measuresommunication servicesasthe most accurately predicted sector with
the lowestMAE of 11.11 and RMSE of 13.74, while health carasthe most accurately
predicted sectoin relative termsachievingthe lowestMAPE of 4.07%. On the contrary,
information technologyvasthe mostchallengingsectorto predict based on all three error
measuresobtainingthe highestMAE of 51.71, RMSE of 61.48and MAPE of 8.19%.
Despite these variations, the test set predictions indicat@siderable owbf-sample
predictability across all sectors
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Interestingly theresultsrevealthatthesectormodels focommunication servicespnsumer
discretionaryandinformation technologgtrugglel to generalize to unseen test dataome
extent as evidenced by thecreasedMAPESs 0f6.72%,7.3®%6, and8.1%%, respectivelyjn
comparisonto the validation results For consumer discretionary and information
technology, tfs is alsoreflected inthelargeMAE and RMSE valuessuggestinglifficulty

in predicting cyclical sectonsith shifting trends andreater volatility However, this is not
the case with communication services, asoltaired the lowestabsolute errorsas
mentioned This discrepancy between the error measures is understasga@d®AE and
RMSE are not relative to the scale of close pricesi@merently penalize larger errors, and
as observed ifection 4.3thecommunication servicesector hashe lowestmeanof close

pricesout of all sectors.

Table 7.Test results by sector

Sector Optimal model configuration MAE RMSE MAPE (%)
Communication Services LSTM(64, 32, 3) 1111 1374 6.72
Consumer Discretionary LSTM(64, 16, 3) 3511 4881 7.37
Consumer Staples LSTM(32, 16, 3) 1850 2115 4.10
Energy LSTM(64, 16, 3) 25.36 30.66 5.84
Financials LSTM(64, 16, 3) 1254 1535 5.18
Health Care LSTM(64, 16, 3) 20.11 23.67 4.07
Industrials LSTM(64, 16, 3) 27.02 31.38 5.47
Information Technology LSTM(64, 32, 3) 5171 61.48 8.19
Materials LSTM(64, 16, 3) 27.25 3211 5.07
Utilities LSTM(64, 32, 3) 15.00 19.07 4.90

As discussed, andresentedn Tables 6 and,ahepredictionaccuracy variebetween the
validation and test set3o0 further assesshe generalizability of the LSTMectormodels,
the validation and tesMAPEs were visualizedtogether In Figure 13, ommunication
services, consumer discretionaryand information technology sectorshow some
discrepancyn the predictionaccuraciebetweerthetwo sets indicatingthattherespective
modelsdo notgeneralizeto and predictthe unseen test dats accurately as othsector
models Thisimpliesslight overfitting, amplified by sectorspecificconditionsto which the
modelsstruggledo adapturing trainingand validationsuch as uniquiend, momentum

or volatility patterns Supporting thisAppendcesl, 2, and 8 show a clearshift in the

distribution oft h e s e dosemticedretsvéerthe validation and test perigdeeaning
the training and validation setlo not represent the test sifficiently. This resuliedin
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inadequatecapturing of such changes in price dynamicand consequently,poorer
generalizationHowever the otherseven sectomodels obtaiad similar testand validation
MAPES, suggestinghat the respective modekereefficient in learninghe sectorspecific

patterns, anthus generalizd well to unseen scenarios.
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In Appendk 13, the predictedand actualoutof-sampleclose pricesof each sectoare
visualized providinginsightinto model performancby highlighting the pricedeviations. It

is apparent thahepredictions for certain months aerceptionallyaccuratewith the model

being able to prediadlmostthe exact price of the next month, while for some months the
modelstrugglesto predictboth thedirection and magnitude of the movemedéspite the
poorer predictions and the occasionatler or overvaluing of future prices, the magnitude
and direction of the predicted movements are, for the most part, accurately captured
meaningthe predictionsremain valuable for portfolio optimizatioThis visualization
furthervalidates the predictive capabilityof the LSTM models providinga strongbasis for

the BlackLitterman portfolio optimization.
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6.2 LSTM-Black-Littermanallocation analysis

The out-of-samplepredictionspresentedn the previous sectiowere utilizedtogether with
the Black-Litterman modelto construct portfolios thatind an optimal balance between
returns and riskBy rolling the24-month holding period window over the test seml STM-
Black-Littermanportfolioswith dynamicallyadjustingweight distributionsveredeveloped
Next, heweights of the portfoliosf thefirst and last holding periglcorresponding to the
worst and besperforming portfolios,are takenfor closer inspectiorto examinethe

resultingallocationsand the behaviowf theintegration model.

The optimized weights of the first holding periodin Table 8 reveal that information
technologyconsistentlydominagd the portfolio with an averageweight of 24.87%. Also,
financials and health cashowed significantcontributiors with average weights df3.65%
and 13.16% respectively While theseaverage allocationare mainly due tdhe initial
marketcapitalized weigts of the marketequilibrium, they also indicate that thesesector
indiceswereidentified ashigh-performing asds andkey driversfor portfolio performance
by consistentlymaintaininga high exposuren contrastenergy materialsand utilitieswith
modest averageweights of 3.526, 3.93%, and 2.6®6, respectively,suggestd lower

confidence in theireturn potentiahndlimited contributionto overallportfolio performance.

Table 8alsoshowsthat the monthly weights remadrelatively stable over thigrst holding
period which is reflectedn the magnitude of the allocation adjustmeintsabsolute terms,
around halfof the adjustmentsvere close to justl% in size which demonstratethe
effectiveness of the Blaekitterman modeln creatingstable portfoliody avoiding heavily
concentrated portfolio weights and overreacting to steonb predictionsMoreover while
occasionallarger monthly adjustments ofover 5% were observed in communication
servicesgenergy health careinformation technology, and materiats strongseasonality
or trendsn anysector weightgouldbedetectedBased on standard deviation, information
technologyweightsfluctuated mostwith the highest standard deviation of 1.79%, while
industrialswasthe most stable sector with a standard deviation of 0.64%.
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Table 8.LSTM-Black-Litterman portfolio weight¢Holding period 1)

Date CS Cons.D Cons. S E F HC | IT M U
31/01/2022 9.87% 14.14% 4.81% 254% 1355% 12.77% 9.39% 2493% 4.42% 3.59%
28/02/2022 8.25% 10.42% 7.33% 6.97% 14.08% 12.99% 10.15% 24.70% 2.66% 2.44%
31/03/2022 7.15% 10.56% 7.80% 4.95% 13.78% 13.73% 9.92% 24.62% 4.56% 2.94%
30/04/2022 6.41% 13.17% 8.16% 393% 14.20% 12.47% 10.31% 22.67% 5.45% 3.24%
31/05/2022 8.20% 1486%  6.89%  3.58% 13.28% 11.93% 10.33% 26.07% 3.03% 1.83%
30/06/2022 6.68% 12.12%  6.24%  4.89% 13.87% 14.72% 9.72%  2459% 3.02% 4.13%
31/07/2022 5.08% 9.83% 8.14%  2.13% 14.46% 18.39% 11.39% 26.99% 0.00% 3.59%
31/08/2022 10.64% 12.25%  7.24%  1.29% 13.12% 12.48% 10.91% 26.72% 2.50% 2.84%
30/09/2022 6.27% 11.87%  7.13% 6.99% 13.46% 11.23% 11.26% 25.08% 5.96% 0.75%
31/10/2022 5.89% 13.88% 6.57% 251% 14.76% 15.19%  9.25%  28.66% 2.87% 0.41%
30/11/2022 6.62% 11.36%  8.28%  4.41% 13.48% 14.00% 10.81% 22.96% 4.56% 3.52%
31/12/2022 9.62% 12.58%  6.73%  3.86% 12.35% 11.52% 11.26% 21.70% 7.09% 3.28%
31/01/2023 9.87% 12.06%  6.58% 2.43% 14.39% 12.75% 10.72% 24.18% 4.01% 3.00%
28/02/2023 8.33% 11.00% 6.47%  3.58% 14.14% 12.28% 10.84% 24.18% 6.87% 2.31%
31/03/2023 7.11% 13.58%  7.95% 2.46% 14.75% 13.46% 11.34% 25.06% 1.69% 2.61%
30/04/2023  10.14% 13.85%  7.30% 1.95% 11.12% 13.17% 9.71%  25.14% 4.18% 3.43%
31/05/2023 9.59% 12.27% 7.55% 3.69% 13.40% 12.52% 10.85% 23.99% 3.40% 2.74%
30/06/2023 12.05%  14.04% 5.12% 1.54% 13.03% 12.01% 9.90% 29.02% 1.70% 1.59%
31/07/2023 7.46% 12.05% 7.21% 3.64% 1298% 13.10% 11.27% 22.89% 6.58% 2.83%
31/08/2023 9.98% 12.57% 7.45% 4.14%  13.09% 12.53% 10.25% 22.85% 4.19% 2.95%
30/09/2023 8.72% 13.37% 6.64% 3.68% 13.48% 13.22% 10.02% 24.92% 3.02% 2.93%
31/10/2023 8.71% 10.98%  6.72%  3.88% 14.71% 13.38% 10.15% 26.51% 3.38% 1.56%
30/11/2023 6.95% 13.26%  8.18%  2.68% 14.58% 13.18% 10.36% 25.64% 2.64% 2.53%
31/12/2023 8.61% 11.85%  6.56% 2.78% 13.43% 12.90% 11.34% 2291% 6.63% 2.98%
Mean 8.26% 12.41% 7.04% 3.52% 13.65% 13.16% 10.48% 24.87% 3.93% 2.67%
Std Dev 1.70% 1.29% 0.87% 1.42% 0.82% 1.40% 0.64% 1.79% 1.77%  0.88%

Interestingly theLSTM-Black-Littermanportfolio of thelast holding periodgharel similar
averageaallocationswith the first portfoliq as seenin Table 9 Information technologyet
againdominatel theportfolio with anaverage weight of245%, while financials and health
care exhibited strong contributioa with average weights 0fL3.59% and 12.98%
respectivelyMoreover energy, materialgnd utilitiesagainhadthe lowestverage weights
of 4.15%, 2.85%, and 3.73%, respectivédlonthly allocationadjustmentexceedingh%
wereobserved only in information technology and materiaksaningthe portfolio weights
remaired relatively stableover this holding periods wel, with information technology
varying the most witha standard deviation of 1.83%nd industrials remaimg the most

stable sectowith a standard deviation of 0.54%.
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Table9. LSTM-Black-Litterman portfolio weight¢Holding period 10)

Date CS Cons.D Cons. S E F HC I IT M U
31/10/2022 5.89% 13.88% 6.57% 251% 14.76%  15.19% 9.25% 28.66% 2.87% 0.41%
30/11/2022 6.62% 11.36% 8.28% 4.41%  13.48% 14.00% 10.81% 22.96% 4.56% 3.52%
31/12/2022 9.62% 12.58% 6.73% 3.86% 12.35% 11.52% 11.26% 21.70% 7.09%  3.28%
31/01/2023 9.87% 12.06% 6.58% 243% 1439% 12.75% 10.72% 24.18% 4.01% 3.00%
28/02/2023 8.33% 11.00% 6.47% 3.58% 14.14% 12.28% 10.84% 24.18% 6.87% 2.31%
31/03/2023 7.11% 13.58% 7.95% 246% 14.75% 13.46% 11.34% 25.06% 1.69% 2.61%
30/04/2023 10.14%  13.85% 7.30% 1.95% 11.12% 13.17% 9.71% 25.14% 4.18% 3.43%
31/05/2023 9.59% 12.27% 7.55% 3.69% 13.40% 12.52% 10.85% 23.99% 3.40% 2.74%
30/06/2023 12.05%  14.04% 5.12% 1.54% 13.03% 12.01% 9.90% 29.02% 1.70% 1.59%
31/07/2023 7.46% 12.05% 7.21% 3.64% 12.98% 13.10% 11.27% 22.89% 6.58% 2.83%
31/08/2023 9.98% 12.57% 7.45% 414%  13.09% 12.53% 10.25% 22.85% 4.19% 2.95%
30/09/2023 8.72% 13.37% 6.64% 3.68% 13.48% 13.22% 10.02% 24.92% 3.02% 2.93%
31/10/2023 8.71% 10.98% 6.72% 3.88% 14.71% 13.38% 10.15% 26.51% 3.38% 1.56%
30/11/2023 6.95% 13.26% 8.18% 2.68% 14.58% 13.18% 10.36% 25.64% 2.64% 2.53%
31/12/2023 8.61% 11.85% 6.56% 2.78%  13.43% 12.90% 11.34% 22.91% 6.63% 2.98%
31/01/2024 10.69%  13.50% 6.37% 291% 13.16% 12.06% 10.82% 23.35% 4.68% 2.47%
29/02/2024 11.31%  13.64% 5.82% 2.76% 13.37% 12.19% 10.27% 25.80% 2.91% 1.94%
31/03/2024 8.65% 12.70% 6.91% 290% 13.93% 12.66% 11.12% 24.02% 4.33% 2.79%
30/04/2024 8.71% 12.43% 6.85% 4.38% 13.29% 13.08% 10.31% 22.80% 4.85% 3.31%
31/05/2024 8.06% 12.14% 8.20% 3.21% 13.93% 14.02% 10.13% 23.20% 3.51% 3.59%
30/06/2024 9.20% 10.54% 6.98% 259% 13.66% 12.26% 10.40% 25.11% 5.58% 3.68%
31/07/2024 9.01% 13.27% 6.80% 3.30% 13.63% 13.07% 10.01% 26.41% 2.04% 2.46%
31/08/2024 8.11% 11.26% 7.32% 3.21% 1354% 13.50% 10.75% 22.72% 5.32% 4.29%
30/09/2024 7.60% 13.84% 7.81% 270% 13.98% 13.53% 10.56% 22.84% 3.52% 3.61%
Mean 8.79% 12.58% 7.02% 3.13% 1359% 12.98% 10.52% 24.45% 4.15% 2.78%
Std Dev 1.45% 1.03% 0.74% 0.73% 0.80% 0.77% 0.54% 1.83% 1.55% 0.81%

Overall,both portfoliosarewell-diversified with some exposure to each of the ten sectors
As observed in Tables 8 and 9 afdther illustrated in Figure 14he average allocations
arehighly consistent ovethe respective holding periaddowever,as expectedhetiming

and magnitudef the weight adjustmentriven by theLSTM-generated predictionsaried

due tomonthly sector performance aodangingsectorspecificmarket conditionsDespite
this, the dominance of information technology and the limited contribsitainenergy,
materials, and utilitieareevidentin both portfolios,demonstratinghe strong dependence
of the approacko the marketapitalizedequilibrium weights.
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Figurel4. Sectoral allocationof LSTM-Black-Litterman portfolis (Holding periods 1
and 10)

6.3 Portfolio performancesvaluation

The performance ofthe LSTM-Black-Litterman, MSCI World Index and 1/N
diversification portfolios were comparativelyevaluatedover the ten 24-month holding
periods to determinghe bestperforming strategyThe cumulative returns @achportfolio
in eachholding period visualized in Appendix 14rovide an overview aheperformance
of the three strategieklowever as cumulative returraone are not sufficient in providing
the full picture of how well eacportfolio meets the objectives of MPThe evaluation
metricspresented irSection3.5.2were also computefdr each portfolicacrossall holding
periods. These performance metrics, displayed in Appendix @dbyide acomprehensive

understandin@f the riskreturn profileof the portfoliosandthe behaviour of thetrategies

As expected the global market environment heavily guided the overalbrtfolio
performance. As the market environment moved towards more favourable conditions over
time, the performance of all three strategies also improved significaBédged on
Appendices 14 and 1the LSTMBIack-Litterman portfoliosconsistentlyoutperformedhe

MSCI World Index acrossall the ten holding periods while underperforming the 1/N
diversification strategyin the first periodand outperforming itn the nine subsequent
periods In line with theallocation analysis, the first and last holding periods remet
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examined in greater detafbllowed by an evaluation of the average performance of each

strategyacrossall theholding periods.

As shownin Table 1Qthe 1/N diversificatioroutperformed the LSTMBlack-Litterman and
MSCIWorld Indexin the first holding period ranging from January 2022 to December, 2023
achievingthe highest monthlyand annualized returns of 0.33% and 3.97@pectively It

also obtainedhe lowest volatility and MDDindicatingrelatively efficient riskmitigation
andstrongresiliency to downsidask and adverse market conditio@onsequentlythe 1/N
diversification was the only portfolitat obtainegbositive Sharpe and Sortino rativghile

the overall performance all threestrategies in the first holding periodas pooytheclear
outperformanceof the 1/N diversificationis reflectedwell in the portfolio performance
metrics in Table 10 anclmulative returns in Figure 16onsidering that the LSTMlack-
Litterman portfolio andhe MSCI World Indexshare the samearket equilibrium weights

as the starting point, their similar performance over the first holding period is expected.
Furthermore the early weak performance of the LSTBMlack-Litterman portfolio is
understandabl@s it reflectghe difficulty ofthe LSTM modelso immediatelyadapto such
asignificant market regime shift that marked the start of the first holding period.

Table10. Portfolio performancenetrics(Holding period 1)

Performance Metric LSTM -Black-Litterman ~ MSCI World Index  1/N Diversification
Monthly Return (%) 0.25 0.21 0.33
Annualized Return (%) 3.07 2.52 3.97
Monthly Volatility (%) 5.76 5.64 5.32
Annualized Volatility (%) 19.97 19.54 18.42
MDD (%) -21.68 -21.37 -19.62
Sharpe Ratio -0.03 -0.05 0.02

Sortino Ratio -0.03 -0.06 0.02
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Figure 15. Cumulative portfolio returns (Holding period 1)

In contrast asshownin Table 11 and Figure l@he LSTMBlack-Litterman portfolio
achievel thehighestmonthly and annualized returns of 2.17% and 29,38%pectivelyin

the final holding period ranging from October 2022 to September. 2024nwhile the
MSCI World Indexand 1/N diversificatiodaggedbehind withslightly reducedmonthly
returns of 2.09% and 1.91%nd annualized returns @B.18% and25.45% respectively
Althoughthe LSTMBIack-Litterman portfolio was the riskiest of the three vitie highest
volatility and MDD, it also exhibitedhe strongestrisk-adjusted performance witthe
highest Sharpe and Sortino ratios of 1.53 and 1.ispectively All three strategies
performed exceptionally wellduring the lastholding perioddue tothe overall favourable
market environmentneaningthat any strategy is likely to have yielded significant positive
returns However, bygaining acompetitive edge and outperforming both benchmark
strategieseven when accounting fdahe increased risk anlansaction costs caused by
rebalancingthe LSTM-Black-Litterman portfolio of the last holding periodemonstrate

the effectiveness athedeveloped strategy
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Table 11 Portfolio performance metri¢slolding period 10)

Performance Metric LSTM -Black-Litterman ~ MSCI World Index  1/N Diversification
Monthly Return (%) 2.17 2.09 1.91
Annualized Return (%) 29.36 28.18 25.45
Monthly Volatility (%) 4.00 3.94 3.81
Annualized Volatility (%) 13.85 13.63 13.19
MDD (%) -9.35 -9.31 -8.84
Sharpe Ratio 1.53 1.48 1.37
Sortino Ratio 1.70 1.63 1.69

Cumulative Returns - Holding Period 10
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Figure 16 Cumulative portfolio returns (Holding period 10)

In terms of averagportfolio performancecrossall holding periodgpresented in Table 12,
theLSTM-Black-Littermanstrategygeneratd thehighestmonthlyand annualizegortfolio
returrs of 1.17% and 15.18%, respectivel, signalling outperformance ovethe two
benchmark strategie§heseimprovedreturns however,were associatedvith increased
risk, which is reflected inthe highestmonthly and annualizedolatilities of 5.20% and
18.03%, as well as irthelargestMDD of -14.89%. Despitethis slight increag inrisk, the
LSTM-Black-Litterman exhibited the bestrisk-adjusted performanceamong the three
strategies, achieving theghestaverageSharpe and Sortino ragof 0.58 and 060, further
validatingthe outcome obutperformance



69

The MSCIWorld Index on the other handjemonstrateé comparativelysolid average
performancavith similar risklevelsyetslightly lower returnsAchieving SharpandSortino
ratios of 0.55 and 0.56, respectivelythe strategyprovedits ability to adaptto fluctuating
market conditionsdy adjusting allocations according changingmarke capitalization.
However, thdevel of risk takenwasnot completelyjustified in comparisorto the LSTM

Black-Litterman portfoliq obtainingweakerreturnsacrossall the holding periods.

Finally, the 1/N diversificationstood ouiasthe least riskystrategyout ofthe threewith the
lowest averagemonthly and annualizedvolatilities of 4.88% and 16.92%, respectively
Furthermorewith an MDD of -13.96%, it demonstrate the lowest potential for losses
during market downturnandthus exhibitedrelatively strongresiliency to downsideisk.
However its performanceonsidering theomplete riskreturn profilewas suboptimalas it
generatedhotablylower returnsthan theother two strategie®btainingthe lowestSharpe
and Sortino ratios of 0.49 and 0,5éspectively Given the simplicity of the strategythis
was expectedasthe portfolio weightsremainfixed anddo notadapt to changing market

conditionsover time.

Table12. Average prtfolio performancenetricsacrossall holding periods

Performance Metric LSTM -Black-Litterman  MSCI World Index  1/N Diversification
Monthly Return (%) 1.17 1.10 0.99
Annualized Return (%) 15.18 14.26 12.75
Monthly Volatility (%) 5.20 5.10 4.88
Annualized Volatility (%) 18.03 17.66 16.92
MDD (%) -14.89 -14.69 -13.96
Sharpe Ratio 0.58 0.55 0.49
Sortino Ratio 0.60 0.56 0.54

Overall, the LSTMBIlack-Litterman emergedas the besiperforming strategy achieving
improvedperformanc®verbothbenchmark,even when accounting fask andtransaction
costs Although the magnitude of theutperformance is not substantidl highlights the
effectivenes®f the strategyin generatinghigher returns with aelatively stable portfolio
all the while maintaining justifiable levels ofisk. This finding suggeststhat LSTM-

generated predictioriscorporatednto the BlackLitterman modehssubjectiveviews can
lead toimproved portfolio managemenand be usedin developingefficient and robust

allocation and trading strategifes realworld applications
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7 Discussion

This chapterdiscusseshe empirical results in light ofhe existing literature chosen
methodologyand proposed strateg¥irst, it providesanswersto the research questions
reflecting on theobjective of thisresearchas well asassessethe impact ofthe related
contributions and@onsequenced hen it discussetheresearchmplicationsand limitations

in both theoretical and practical conteXmally, it provides suggestions for further research

opportunities

Is incorporatingLSTM-generated sectat return predictions as view inputs in the

Black-Litterman model effective falevelopinga dynamic asset allocation stratéyy

Directly addressing the main research questioa,empirical evidence ifavour of such
effectivenesss considerableincorporatingsectoral LSTMgeneratedeturnpredictionanto
the BlackLitterman modehssubjectiveforward-looking viewsresulted irthedevelopment
of an intelligent anddynamicasset allocation strategy thdémonstatedrelatively strong
performanceacrossall the 24-month holding periodsAlthough any strategy would have
likely yielded positivereturnsover thefull evaluation periodlue to theoverall favourable
market environmentarticularly in the lateholding periodsthe LSTMBlack-Litterman
strategy managed toutperformthe two benchmark strategiés nine out of the total ten
holding periodsbased on multiple evaluation metric¥his improved performance
highlighted particularly well in the cumulative portfolio returns in Appendix 14,
demonstrate the advantageof integrating datalriven machinelearning with a robust
portfolio optimizationframework Supporting conclusionsavealsobeen made biaraet
al. (2019, Rezaei et al(2021), Barua and Sharma (2022ndYao et al.(2024. However,
it is to benotedthat concentratingon just returns does not provide the full picture of the
effectiveness of thetrategy Other equally important factors need to be considerexich
applications of quantitative investingncluding portfolio risks, transaction costs, shert
selling,look-ahead bigsselecting realistic yet representative trairamglvalidation periods
for outof-sample ésting and not ignoring hidden risk€onsequentlythese apects are

furtherexaminedn the following discussian



71

How do the LSTM models perform in terms of cismsoral prediction accuracy?

The developed sectespecific LSTM modelsshowed significant variability in prediction
accuracybetween sectorsvhich aligns withthe findings of Barua and Sharma (202)
was observed thatefensivesectors, such as consumer staples, health care, and utilities
consistentlyexhibitedhigher predictability in both validation and testriodsin comparison
to cyclical sectors, such asonsumer discretionary and information technologiis is
intuitive, asLSTM networksare betterat learring and replicahg stable trends andell-
defined temporal pattern@n theother handsectors that armore heavily influencedby
external factors, such amarket sentiment, consumer behavioand technological
disruption causé the LSTM to strugglemore when forecastingin the presence of high
volatility and noiseThesefindingshighlighttheinherentchallengs of financial forecasting
in complex market environmentshichhavealso beemreviouslyacknowledgedh several
studies Jinet al, 2020; Li et al, 2022; Zhao and Yang@023 Chanday2024). Furthermore
communication servicespnsumer discretionargnd information technologsectormodels
showed signs ddlight overfitting. Whenthe data fed into an LSTM network is limited, as
in this caseit is due tothe specifiedforecasing horizon anddata aggregation, thmodel
training andralidationmightnotprovide enough diversity &ffectivelycapturehedifferent
market dynamics in oubf-sample scenaripdeading to reduced generalizability and
predictionaccuracy Similar conclusions have been mdaeBaek and Kim (2018), who
argued that LSTM is prone to overfitting in highly volatile markets, particularly when trained
on limited dataThis biasin training andvalidationdatain relation tooutof-sample test
datg in turn,raises théundamentatjuestionin financial forecastingvhetherfuturemarket
conditionsandassefperformancewill be sufficiently represented anpredictablebased on
historical patterns Despite such challengethe LSTM modelsexhibited strong overall
capabilityin predictingmonthly sectoral performance

How do the LSTMBIlackLitterman portfolie perform comparedto market

capitalizationweighted and 1/N diversification portfoli®s

As discussee@arlier when assessing tbeerall efficiency of theintegrationmodelandthe
resulting asset allocation strategy it was specified that the LSTM-Black-Litterman

portfolios generated higher returms comparisorto the MSCIWorld Indexand the 1/N
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diversification portfolis, yet with slightly increasedblatility. This comes as no surprise, as
it has beemstablished that higher returns often come with increased risk (Markb@i2;
Sharpe 1964). Moreover, this is in line witlihe chosenmethodologyof defining therisk
aversion coefficient andhe scaling factor for implied returpngesulting in the Black
Litterman model converging towards riskier sectors with higher potential for returns
(Idzorek 2007; Bessler et al2017) Despitethis increased risk, the Sharpe and Sortino
ratiosindicated sufficientreward for the riskaken further strengthenindhe effectiveness
of the LSTM-Black-Litterman strategyamong the threeas it achievedmproved risk-
adjusted performamc However,the magnitude of th@utperformanceaisesquestionson

the marginal utility ofemployingsuchstrategieghat are expensive in terms of resources
The MSCI World Index offeed competitive andcomparatively solid risk-adjusted
performance, and wheeconsideringthe low cost and approachabilityof passiveindex
investing,it mayemerge athe preferred stratedgr somenvestorsThe1/N diversification
strategy on the other handachievel the lowest volatility and maximum drawdown
suggesting that it mitigates ritkrough sufficient diversification and offersbust downside
protection inadverse markescenarios Given the inherent simplicity of thetrategy,
however,its overallunderperformanceeflecied weaker adaptability talynamic market
conditions, challenginthe argumentadeby DeMiguelet al.(2009)thatit canoutperform
optimized diversification In light of this the 1/N diversification should not satisfy the

requirements ofationalinvestors.

7.1 Research implications

Theoretichand methodologicatonsiderationscontributions and implicationghat are not
directly covered by thecope of thahreeresearch questionsere also broughtp The
expanding wallkforward validationgave emphasis toyperparameter tuningsthe optimal
modelparametersn LSTM networksvariedacrosssectorsSectorspecific customizatioof
models was found crucial, implying that general forecasting modelsvith common
parametergdo not adaptas well to all sectorswith inherently distinct price dynamics.
However,larger models with more LSTM unitsnaller batch size and shortetookback
windows dominated the model configuratioasross sectoysesultingin improvedtraining
and generalizabilityand subsequentlymore accurat®utof-samplepredictions.This, in

turn, points out the importanceof finding a balance betweemodel performance and
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complexity, as well asapturing shorterm patternswhich isalsoin line with realworld
scenarios anttadingstrategieshat ofterrely onrapidly reactingo recent price movements

momentum and market sentiment.

Additionally, & argued byMroua and Lamine(2023), exposure toextreme market
conditionsthat introduce increased volatility and instability to LSTM networkesiential
for ensuring model robustness and generalizabilityhis research, each sector model was
trained and validated undsuchglobalstress period:namely, the subprime crisis of 2008
and the COVIB19 pandemicNot only did themodellosses not spike duringeriods of
heightened volatility but the LSTMBIack-Litterman portfolie demonstated relatively
solid resiliencyto downside volatility as well asstrongrecovery from market downturns
This gives valuableinsight intothe behaviourof the developedstrategyduring adverse
market conditionswhich is essential farusting inits ability to perform even irextreme

andunexpecteaonditions

Finally, & observedn theallocatiors of the LSTM-Black-Litterman portfolics, thesector
weights remaiedrelativelystableoverthe holding periosl Even in cases dargermonthly
return predictions, the Bladkittermanmodeldid not excessivelyconcentrateon a single
sector While this is mostly due tothe chosen methodology of definirgnfidencein the
givenviews, it also provides evidence that the Bldditerman model is, in fact, efficient in
avoiding unintuitive and highly concentrated portfolio weights, which has also been
acknowledged bydzorek (2007). Avoiding overconfidenceand mitigating the impact of
estimation error maximizatigrthe integrationmodel ensureshat the allocationsdo not
significantly deviatefrom the markeequilibrium, which couldincrease overall investment
risk to an undesirable leveHowever, this also limits the ability of the modelldeat the

market withunusually high returnshould such opportunitiesnerge

Beyond thediscussedheoretical and methodological perspectives research alsoffers
practicalimplicationsfor researcherspnvestors and portfolio managers seeking to employ
deep learningin constructing optimal portfolios and creating allocatiand trading
strateges It providesa quantitativebasis formore informed financial decisiemaking
which isparticularly valuable for strivingp outperform the markeAlso, as global financial
markets become increasingly complexychAl-basedinvestmentstrategieshold promise
for achievingcompetitiveadvantaged-or thesepracticalimplications to be meaningful in

reatworld investmentscenariostheir applicability wascarefully consideredh the model
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implementatiorand strategy developmer8pecifically, lookahead bigsa routine errofin
financial forecasng, as notedby Lopezde Prado(2018) was avoided byensuring that
information thatwasnot public at theime of simulationdid not affectthe predictions or
optimization, and subsequentlgid not have a biased impact on tHecisionamaking
Additionally, net total return indices weresedandtransaction costsaused by rebalancing
wereconsideredo seta realistic basis foassessing the proposed strategysuringthat it

reflects aspects ofealworld investingand return®ne can expect to receive

While the computational requirements for LSTM analysis of this extent are substémial,
model implementatiomemainsrelatively accessibldfor most practitioners.Building the
strategy around monthly forecastirgffectively balance adaptability and practicality
without requiring constant monitoring and daily tradiniyloreover since the assets in
question are widely recognized sector indices availablébddin retail and institutional
investors, no specifimvestmentbackgrounds neededto implementthe strategy Such
considerationsf usabilityand accessibilitjurtherreinforcetherelevanceof the findingsn

realworld financialdecisionmakingapplications

7.2 Research limitations

Despite thevaluabletheoretical and practicalsightsandimplications,there ardimitations
related to theproposedasset allocation strate@iyatneed to be acknowledgedotably, he
scope of investmentsas limited tosectorspecificequity indicesmearng that multrasset
portfolioswith exposure to other asset classes, subloads, cash equivalent money market
instruments, commodities, and real estagre not consideredMoreover,while sectoral
allocationsallow diverseinvestment opportunities wittheir broad representatioof the
overall marketthis approaclrestrict investingbeyondthe ten GICS sectgrsuch asn
individual stocks andther marketindices The monthly frequencyf predictions and
rebalancing alséimits the adaptability of the strateg@y practical applicationsvith short

term investment horizen

In addition the datausedin this researclnly comprised20 years otlose pricedata This
means thathe LSTM models were not exposed to mar@tditions andeventsprior to
September 2004ndthe technical indicators wederivedexclusivelyfrom close prices

This limitation restrictsinsightgainedfrom earliermarket behaviouandothermarket data
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such adradingvolume,andopen,high, andlow prices, which are often used in technical

analysis.

Despiteextensivemodel validationthe number ofconfigurationsepochsand validation
iterationshad to berestricteddue to computationatonstraints Thus it is likely that
parametecombinationgielding even better prediction results exasitside thescope of the
considered parametayrid. Also, while the approach fornormalizationpreventeddata
leakageand lookahead biast limited the ability of the sectormodesk to capturethe true
range of futue price distributions This may have led to more conservativeturn
predictions causinghe BlackLitterman optimization tdeantowards allocationsthatalign
with the market equilibrium thereby limitingthe potential performancef the proposed
stratey. Moreover a shortselling constraintwas introduced tgortfolio optimization
which may havefurtherlimited the potential of the strateglyinally, liquidity concernghat

may arise in cases of larger trades araaketilliquidity were notaccounted for.

7.3 Suggestions$or further research

Generating views$or the BlackLitterman modedltilizing Al-basedmnodellingtechniquess

an attractiveesearcldomainwith myriad opportunitiesMoreover, helimitations discussed
in the previous sectioprovide promisingavenuedor further reseatt Utilizing similar
methodologies, there is still room fexpanding the scope of investmentselploring for
example, ifallocationsin a multiasset portfolio optimization settimm@nimproveportfolio
and strategyperformance Additionally, experimenting with different prediction and
rebalancindrequenaes, such as dailywveekly, or quarterly couldlead todesigningeffective
short andlongterm strategig suitable for varying practical applicatiarisuture research
could alsoinvestigatetriggering rebalancig only if the allocation adjustments exceed a
specifiedthreshold which couldfurtherimprove theresults as transaction costs caused by
minor adjustments malymit the return potentialin the current setug-inally, evaluating
suchallocationstrategiesover holding periodf different lengthsould provide valuable
insights into their effectiveness and behavioacrossvarying market conditions and

investment scenarios.

Another promising direction for further researchin this domainis expandingthe walk-

forward crossvalidation grid search by considering a wider range ofparameter
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combinationsas well agxperimenting with different lookback windasizesand validation
intervals.In addition incorporatingadditionaltechnical indicatorandqualitative reporter
newsas model inputgould be an interestingapproachfor generatingevenmore accurate
and realistic views for the BlackLitterman model All these suggestions couélso be
investigated by employing alternative deep learning architectuge such asGRUSs,

transformersor hybrid modelsto see how they compare to LSTM applications.
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8 Conclusions

Heightenedolatility in thefinancialmarkets hasausednvestment risk to increase in recent
years(Gao et al.2024) To a greater extentvestorgglobally recognizethatconcentrating
all capitalon one asset ianirrational decisionthat canleadto substantialossesHence,
guantitativeportfolio optimizationalong with subjectiveopinions and beliefs aboutthe
future performance of assdtasbecomeacorechoiceto guideinvestmentlecisionmaking
related to asset selection and diversificatMaoreover,theemergence angdvancements
utilizing deeplearningin financial forecasting, despite the common challengagedrawn
attentiondue totheir potentialto enhanceportfolio managementro this end this thesis
propose a novel approach to developiaglynamic asset allocati@trategyby integrating
LSTM neuralnetworkswith the Black-Litterman model addressinga scarcely explored
research domairspecifically,monthly outof-sample return predictiores ten MSCI GICS
indices generated bysectorspecific LSTM models were incorporatedinto the Black
Litterman modelas forwardlooking views Driven by these forecastoptimal portfolios
werethenconstructed over ten 2#honth holding periodand rebalanced monthly to adapt
to fluctuatingmarket conditionsFurthermorean expanding walkorward crossvalidation
approach with @arameter gridearch technique was employeaftimize and validate the
models for each secttw ensure robustnesshile technical indicatorsereincorporated as

multivariate modeinputsto furtherenhancehe predictive capabilities of tisector models

This research makes several contributions to LSTM applications in financial foredasting
reveaing variability in prediction accuracyboth betweensectorsand different model
configurations withinthesesectorsWhile volatility, noise, andliscrepanciebetween in
sample and owubf-sample price distributionscomplicatel the forecasting, the overall
predictability acrossll sectorgemaired strong demonstratinghe effectiveness of LSTM
in predicting monthly sectoral performantéoreovertheconductednodelvalidationwith
the observedensitivity of sectors to changes in parameters emphabeesiportance fo
tailoring LSTM tofit the naturallydistinct sectoraldependenciesdowever larger models
with smaller batch sizes and shorter lookback windeere found to dominatide optimal
model configurationdy contributing significantly to model performancgesignalling that
suchgeneraldirectionin parameter selectiomay be a keydriver for predicting monthly

sectoral performance
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Furthermore this researchadds value tdfinancial decisiormaking by developingan
efficient dynamic asset allocatiostrategythat outperformed thenarketcapitalization
weighted and 1/N diversificatiobenchmarkstrateges in nine out of ten holding periods
With improved returns and justifiable risk levels the LSTMBIlack-Litterman strategy
exhibitedthe strongestverallrisk-adjusted performanday concentrahg exposure in key
sectors that positively contributed to portfolio performangdditionally, it produced
relatively stable and intuitive sectoral allocaspmanaging to avoitligh concentrationsn
a single assetand deviating significantly from the marketquilibrium Although the
magnitude oftheoutperformance isiodestthis researcdemonstrates hodevelopingsuch
intelligentallocationstrategiexan lead tenhancegortfolio managemeanMoreover,the
conclusion that datdriven deep learning techniquedgegratedwith establishegortfolio
optimization frameworks are efficient in improving financial decisioraking is further
supportedin light of extensive model validationncluding considerationsfdransaction

costs, shorselling and realworld applicability.

In conclusionthetheoretical and practical implication§this researchdvance thgrowing
field of researchntersectingdata science arfthance With the continuingdevelopment of
the financial markets,utilizing such stateof-the-art deep learnindechniquesto guide
financial decisionmaking holds potential and provides valuable insights for various
practitionersseekingimprovedportfolio managementNeverthelesslimitationsrelated to
the scope of investmenasidthe constraints in modalevelopmenbffer interesting avenues

to be used as prospsdor furtherresearctand improvementms this domain.
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Appendix 1. Technical indicators (Communication services)
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Appendix 2.Technical indicators (Consumer discretionary)
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Appendix 3.Technical indicators (Consumer staples)

Consumer Staples - Close Price, SMA, and EMA
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Appendix 4. Technical indicators (Energy)
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Appendix 5.Technical indicators (Financials)
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Appendix 6. Technical indicators (Health care)
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Appendix 7. Technical indicators (Industrials)
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Appendix 8. Technical indicators (Information Technology)
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Appendix 9. Technical indicators (Materials)
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Appendix 10.Technical indicators (Utilities)



