UNIVERSITY OF TARTU
FACULTY OF SCIENCE AND TECHNOLOGY

INSTITUTE OF MATHEMATICS AND STATISTICS

William Vaask
Comparative Analysis of Traditional Time
Series, Machine Learning, Deep Learning and
Hybrid Models for Profit Forecasting in
Financial Markets

Actuarial and Financial Engineering

Master’s Thesis (30 ECTS)

Supervisor: Prof. Toomas Raus

TARTU 2025
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Magistritoo
William Vaask

Liihikokkuvote

Toos vorreldi traditsiooniliste aegridade, masinoppe, siivaoppe ja hiibriid-
mudelite prognoositdpsust panganduses finantsturgude valdkonnas kolmel
erineval tasemel agregeeritud igapdevase kasumi prognoosimisel. Erinevate
meetodite vordlemiseks kasutati uut joudlusmoodikut - korrigeeritud keskmine
skaleeritud absoluutviga (cMASE), mis parandab MASE tolgendatavust, ka-
sutades T iihe-sammu naiivset prognoosi 1T — 1 asemel, mille tulemusel on

naiivse meetodi skoor alati cM ASE = 1.

Vaatamata arvutusvoimsuse arengule oli traditsiooniline aegreamudel SARIMA
teistest mudelitest parem, ndidates ka koige jarjepidevamaid tulemusi keskmise

ristvalideerimise cMASE ja testimise cMASE vahel erinevate aegridadega.

Parimates hiibriidmudelites tdiendasid gradiendi voimenduse meetodid SARIMA-
t, parandades prognoose pikkade viivituste, liikuvate keskmiste ja standard-
hélvete abil. Kui SARIMA mudelid vajasid uuesti treenimist peale igat prog-
noosi, siis masinoppe-, siivaoppe- ja hiibriildmudelite mittelineaarsed osad
prognoosisid koige paremini, kui neid treeniti uuesti ainult keskmiselt iga
kahe nadala tagant, mis vihendas oluliselt kogu arvutuskulu.

CERCS teaduseriala: P160 Statistika, operatsioonianaliiiis, programmeer-
imine, finants- ja kindlustusmatemaatika.

Marksonad: MASE, SARIMA, XGBoost, Light GBM, LSTM, Hiibriid.



COMPARATIVE ANALYSIS OF TRADITIONAL TIME
SERIES, MACHINE LEARNING, DEEP LEARNING AND
HYBRID MODELS FOR PROFIT FORECASTING IN
FINANCIAL MARKETS
Master thesis
William Vaask

Abstract

This thesis compared the forecasting performance of traditional time series,
machine learning, deep learning and hybrid models on daily banking profit
data in financial markets area aggregated on three different levels. To eval-
uate different methods, this thesis used a novel performance metric - cor-
rected mean average scaled error (cMASE), which improves interpretability
of MASE by using 7" one-step naive forecasts instead of 7' — 1, which results

in naive method always having a score of cM ASE = 1.

Despite advancements in computational power, traditional time series method
SARIMA still outperformed other models, also showing the most consistent

results between average cross-validation cMASE and testing cMASE.

For best hybrid models, gradient boosting methods complemented SARIMA
by correcting forecasts using long lags, rolling means and standard deviations.
While SARIMA models required refitting after every forecast, the machine
learning, deep learning and non-linear parts of hybrid models performed best
when refit only on average once every two weeks, which reduced the overall
computing cost significantly.

CERCS research specialisation: P160 Statistics, operations research, pro-

gramming, financial and actuarial mathematics.

Key Words: MASE, SARIMA, XGBoost, Light GBM, LSTM, Hybrid.
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Introduction

Forecasting profits has been important for business planning and business
strategy for a long time. Accurate forecasts enable banks to allocate re-
sources more effectively and optimize their operations. Traditionally, sta-
tistical methods like ARIMA and SARIMA have been used for forecasting,
but advancements in computational power have introduced techniques such
as machine learning and deep learning, which could lead to superior accuracy

and adaptability in varying market conditions.

Although there are numerous forecasting methods nowadays, there is no clear
consensus on which approach consistently performs best under varying mar-
ket conditions. As it is almost universally accepted that there is no one
forecasting method that is better than all others for every forecasting situa-
tion (Kontopoulou et al., 2023), this study focuses on forecasting profit for
banking in financial markets area. Furthermore, this is important as there are
currently no clear best methods for different types of market data forecasting
challenges. This creates challenges for different practitioners who must choose
models without clear guidance on their relative strengths and weaknesses.
This thesis attempts to find best methods for forecasting profits comparing
methods on three levels of complexity. This research also aims to find the

overall best method for forecasting profits in the market.

To achieve this, the primary objective of this study is to compare the perfor-
mance of traditional time series models to machine learning methods, deep
learning techniques, and a hybrid method for profit forecasting. The research
aims to provide clarity to banks and other businesses using market data
in their day-to-day operations by analyzing how these models perform with

different complexity of time series data across multiple metrics.



1 Instruments in banking in financial markets

area

In capital markets, banks and other financial institutions often trade with
many different securities. Some of the most common securities that all large
banking institutions deal with in their day to day operations are the following:
fixed income, equities, foreign-exchange, credit and interest-rate derivatives
(Liaw, 2011). In financial market area the most complex units that deal
with these instruments are trading desks. There are several different possible
trading desks in investment and commercial banks, for example fixed income
desks, equity desks, foreign exchange desks, sales desks or commodities desks
(Hull, 2018). Each of these desks usually compromises of several portfolios
that are managed by the traders from that trading desk which trade with
various financial instruments, often taking large hedged positions as a trading
strategy to manage the risk generated by any trade (Wosnitzer, 2016, Lee,
2019, Anand et al., 2012). Due to this it is often more informative not to

only look at profit from an instrument but it’s hedged positions as well.

For investment portfolios, banks tend to prefer more illiquid assets like fixed-
income assets with modest fundamental risk (Hanson et al., 2015). Fixed
income securities are debt instruments, which are issued by borrowers to make
certain promised stream-of-cash flows in future (Sundaresan, 2009). Promised
stream-of-cash flows may be secured by specific assets of the borrowers or

they can be unsecured (Sundaresan, 2009).

According to the Capital Asset Pricing Model (Lintner, 1965; Sharpe, 1964)
investors are not compensated for risks that can be diversified. Uncompen-
sated risk is the market return. According to this, there are two efficient

assets, an almost risk free asset with minimal return and a market asset



which is more compensating than risk free asset due to enhanced risk. One of
the most common risk free assets is government bonds (Yankov, 2014). Gov-
ernment bonds are often used as time value of money, as the value of bonds
are based on discounted value of the future payments received, so bonds
characterize money in the future being worth less than at present time (Van

Binsbergen, Diamond, and Grotteria, 2022).

While banks do hold assets like equities, traditional banking does not hold eq-
uities with risky cash flows (Hanson et al., 2015). Equity securities represent

ownership claims on an entity, for example a company.

A foreign exchange (FX) derivative is a financial derivative whose payoff
depends on the FX rates of two or more currencies (Kallianiotis, 2013). These

instruments are commonly used for hedging purposes (Kallianiotis, 2013).

A credit derivative is an agreement designed to shift default risk from one
party to the other (Mengle, 2007). Credit derivative’s value is derived from
the credit performance of one or more corporations, sovereign entities, or

debt obligations (Mengle, 2007).

Interest rate derivatives are often used to manage interest rate risks (Brewer
III, Minton, and Moser, 2000). Interest rate risk management improves in-
termediation efficiency of banks as it allows banks to take on more credit
risk (Diamond, 1984; Brewer III, Minton, and Moser, 2000). Some of the
most commonly used interest rate derivatives are forward rate agreements
(FRA), swaps, swaptions and futures as they are most widely used in bank-
ing (Flavell, 2010). FRA is an agreement between two counterparties, where
the seller agrees to pay a floating rate interest and receive a fixed rate inter-
est, whereas buyer agrees to pay a fixed rate interest to receive a floating rate

interest (Flavell, 2010). Swap is an agreement between two counterparties to



exchange the cash flows or liabilities of two different financial instruments
(Flavell, 2010). Swaption is a single option on a forward swap, where buyer
has an option to exercise a forward swap to receive fixed interest on a swap,
while paying floating rate (Flavell, 2010). Futures are agreements to either

buy or sell a financial instrument at a set future date (Flavell, 2010).



2 Models

To compare classical statistical methods to machine learning, deep learning
and hybrid models, several different models are used. We will use ARIMA and
SARIMA as classical statistical forecast methods. Autoregressive integrated
moving average (ARIMA) and seasonal ARIMA (SARIMA) (Box and Jenk-
ins, 1970) are the most widely used methods of classical forecasting, valued

for their mathematical ability to model linear relationships.

Real word data and relationships are often too complicated to explain with
linear models. In attempts to describe more complex relationships this the-
sis compares classical forecasting to nonlinear machine and deep learning

methods.

For machine learning models this study uses gradient boosting methods

Light GBM and XGBoost as they are widely used in financial forecasts.

It has been shown that deep learning models, particularly long short-term
memory (LSTM) has shown great performance in capturing long-term de-
pendencies in time series data (Mochurad and Dereviannyi, 2024), outper-
forming traditional time series models (Siami-Namini, Tavakoli, and Namin,
2018; Siami-Namini and Namin, 2018; Sirisha, Belavagi, and Attigeri, 2022).
Their ability to learn from raw data without manual feature extraction is
the reason why they perform well in advanced forecasting tasks (Hochreiter,

1997).

Hybrid models try to combine the strengths of traditional and deep learning
methods. This study uses ARIMA-LSTM as such a hybrid model due to
it performing well on financial stock data (Choi, 2018). This model uses
ARIMA to capture linear trends and seasonality, while residual nonlinear

data is passed onto LSTM (Zhang, 2003).
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2.1 Traditional Time Series Models

Box and Jenkins, 1970; Raus, 2023

ARIM A(p,d, q) process (p - order of autoregressive (AR) term, ¢ - order of
moving average (MA) term) is called the process Y;, for which the d-th order
differences W; = (1 — B)?Y, is causal weakly stationary ARM A(p, q) process

with the general form

¢(B)(1 - B)! (Y, — E(Y,)) = 0(B)A,,

where

Y; - Random variable of a stochastic process Y at time ¢,
B =Y, ; - Lag operator,

$(B) =1—3" ¢;B" - polynomial of AR term,

0(B) =1+ >%_,0;B’ - polynomial of M A term,

A; - white noise process (uncorrelated random variables with mean 0 and

finite variance o?).

Y; is a seasonal ARIM A(p,d, q)x(P, D, @), process (p,d, q are parameters of
non-seasonal components, while P, D, () are parameters of seasonal compo-
nents) with period s if d and D are nonnegative integers and the differenced

series W; = (1 — B)%(1 — B*)PY, is a causal ARMA process defined

P(B)2(B*)W, = 6(B)O(B%) Ay,

where
P(B*) =1—>"  ¢;B* - polynomial of seasonal AR term,

OB ) =1+, 6;B7* - polynomial of seasonal MA term,

10



ARMA process is causal if it can be expressed as a weighted sum of present

and past error terms.

These models are influenced by specificity of the data and seasonal patterns
(Szostek et al., 2024). Furthermore, this limits to characterize nonlinear de-
pendencies and complex seasonality (Cheng et al., 2015). Due to this and
advancements in computational power and algorithms researchers have be-
gun to explore either alternative methods (Alim et al., 2020; Kontopoulou
et al., 2023; Sirisha, Belavagi, and Attigeri, 2022) or hybrid methods such as
ARIMA-LSTMs (Choi, 2018; Dave et al., 2021; Fan et al., 2021).

2.2 Machine Learning Models

This subsection refers to Chen and Guestrin, 2016.

Gradient boosting methods are able to model nonlinear relationships with-
out strong parametric assumptions. They offer flexibility but often require
extensive feature engineering for optimal performance. For a given data with
m predictors, gradient boosting uses K additive functions f (weak learners,

also known as decision trees) to estimate the dependent variable

K
go=Y_ felx), fx € F,
k=1

where space of functions F = {f(z;) = wy,)|q : R™ = {1,... J},w € R’}

where
x; € R™ - the predictor input vector at time ¢,
w = wy, ... wy - prediction values (also called weights) assigned to each leaf,

J - the number of leaves in the tree,

11



¢ - an independent tree structure that maps inputs to J leaf indices.

For gradient tree boosting, the model is trained in an additive manner. Let
g§’” be the prediction of the ¢-th instance at the k-th iteration, by adding f

the following equation can be minimized:

L£F) — Zl (yt,ﬁt(kfl) + fr (Xt)> +Q (fr)

where
- observed value at time t,
g),gk_l) - estimated value for the ¢-th time at iteration k£ — 1,
fr(x;) - estimation made by the k-th function for the time ¢,
Q(fr) - regularization term (penalizes complexity of fy),
Qfe) = 7] + 327w,
where v and A are regularization parameters (for trees and weights).

Second-order approximation can be used to optimize the the equation in

general setting.

ZT: l )+ 9ufi (%) + htfk (Xt)] +Q(f),

t=1

where

__ 9 (k=1) o (k=1)
gt = Wl <yt7yt > hy = (8#—,1))2[ <yt7yt >

We can remove the constants to obtain the following simplified equation at

step ¢

-y {gtfk x) + e <xt>] +Qf). &

t=1

12



Define I; = {t|q(x;) =7} as the instance set of leaf j. We can rewrite

equation (1) by expanding (2 as follows

J
L 1 2
Gifr (%¢) + §htfk; (Xt):| +vJ + 5/\;1%

t=1 L
| 1

:Z th wj—i-§ th—i-)\ w]2- + 7.
7=1 | tEIj tEI]'

For a fixed structure g(x), we can compute the optimal weight w of leaf j

by

N Ztelj 9t

w. =

T e e+ N

and calculate the corresponding optimal value by

2
1 J <Zt€lj gt)

LB (q) = —
2 j=1 Ztelj ht + )\

+J. (2)

Equation (2) can be used as a scoring function to measure the quality of a
tree structure ¢g. Normally it is impossible to enumerate all the possible tree
structures ¢. Due to this, a greedy algorithm that starts from a single leaf
and iteratively adds branches to the tree is used. Assume that I, and [ are
the instance sets of left and right nodes after the split. Letting [ = I, U Iy

we get a loss reduction after the split as following:

1 (ZteIL gt)2 (ZteIR gt)2 (Ztel gt)2

Lopiit = = — -
plit = & Ser, he A Zte[RhtJr)\ Sierhe+ A v

In practice this is used for evaluating split candidates.

13



2.2.1 LightGBM

This subsection refers to Ke et al., 2017.

Light Gradient Boosting Machine (Light GBM) is a gradient boosting decision
tree algorithm that addresses the challenges of large-scale data in machine
learning tasks. On top of the gradient boosting decision tree it uses two
novel techniques: Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB). In GOSS, training instances are ranked according
to the absolute values of their gradients in descending order. Then top a -
n,a € (0,1) instances with larger gradients are kept to get an instance subset
A. From the remaining set A° consisting (1 — a)n instances with smaller
gradients, a subset B with size b x |A°[,b € (0,1) is randomly sampled.
Lastly, instances are split according to the estimated variance gain of splitting
predictor 7 at threshold d for a fixed node of the decision tree V;(d) computed
over the subset AU B as

oy - L (e, 9:)2 + (Erers g:)Q (Xier 95)2

Vild) =3 OIS WD SR PP S SN NIDY R
where
. Jt, ifte A,
" 1;“%, if t € B,
and

I, Ir are the instance sets of left and right nodes after the split.

In GOSS, estimated V;(d) is used over a smaller instance subset, instead of

the accurate V;(d) over all the instances to determine the split point. This

14



largely reduces the computation cost.

Due to high-dimensional data being usually very sparse, Light GBM uses a
nearly lossless approach to reduce the number of features (exclusive feature
building). This is possible, as in a sparse feature space, many features are
mutually exclusive, so they never take nonzero values simultaneously. This
enables to safely bundle exclusive features into a single feature. Light GBM
uses a histogram-based tree construction approach, where continuous features
are discretized into bins. The complexity of histogram building changes from
O(Tf) to O(Ts), while s < f, where f is the number of features and s is the
number of bundles. This speeds up training of GBDT significantly without

hurting the accuracy.

2.2.2 XGBoost

This subsection refers to Chen and Guestrin, 2016.

Extreme gradient boosting (XGBoost) is another gradient boosting decision
tree algorithm which is designed to optimize speed and performance in ma-
chine learning tasks such as regression, classification, and ranking. On top of
GBDT XGBoost uses split finding algorithms like basic exact greedy algo-

rithm, approximate algorithm and weighted quantile sketch.

Basic exact greedy algorithm enumerates over all the possible splits on all
the features. To enumerate all splits for continuous features, the algorithm
sorts data according to feature values first, to visit the data in sorted order

to accumulate the gradient statistics.

Approximate algorithm is involved for memory purposes as for the last al-
gorithm the data might not fit into memory. Approximate algorithm finds

candidate splitting points according to percentiles of feature distribution.

15



Then the continuous features are mapped into buckets split by the candidate
points. After this, statistics are aggregated and best solution base on that
is found. There are two variants of this algorithm: global and local. Global
variant proposes all the splits during the initial phase of tree construction
and uses same proposals for splits finding at all levels. Opposed to global

variant, local variant re-proposes after every split.

Weighted quantile sketch is used to propose M candidate split points in-
dexed by j for approximate algorithm. Commonly percentiles of a feature
are used to make candidates distribute evenly on the data. We can define

rank functions r; : R — [0, +00) as

1 T
ri(2) = =7 Z h,
Zt:l hy t=1
T <z

which represent the proportions of instances whose predictor i value for in-

stances t = 1,...,T is smaller than z. The goal is to find candidate split

points {s;1, Si2, * -+ Sipr} SO

| 7 ( l,]) A ( z,]-l—l)’ ) 71 1<t<T tiy M L<t<T tiy
where € is an approximation factor, meaning that there is about % candidate

points. Each data point is weighted by h;.

Sparsity-aware split finding algorithm is used for many real-world problems,
as it is common for input x to be sparse. This might be due to presence of
missing values in the data, frequent zero entries in the statistics and artifacts
of feature engineering. Due to this, it is important to make the algorithm
aware of the sparsity pattern in the data. For this, a default direction is

added in each tree node. When a value is missing in the sparse matrix x, the

16



instance is classified into the default direction. There are two choices of de-
fault direction in each branch. The optimal default directions are learned from
the data. Only the non-missing entries are visited. Non-presence is treated as
a missing value. Same algorithm can be applied when the non-presence cor-
responds to a user specified value by limiting the enumeration to consistent

solutions.

The main difference between LightGBM and XGBoost splitting algorithms

can be seen on figure 1.

Semste

Level-wise tree growth

Level-wise tree growth in XGBOOST.

-’\.-»{.;’\.-»‘,}/;\-» ------

Leaf-wise tree growth

Leaf wise tree growth in Light GBM.

Figure 1: XGBoost and Light GBM tree growth architectures. Figure from
Khandelwal, 2017
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2.3 Deep learning Model

This subsection refers to Haykin, 2009.

Deep learning is used to describe a field of machine learning, which uses arti-
ficial neural networks. Neural networks (NNs) are a class of machine learning
models inspired by the structure and function of the brain, where intercon-
nected neurons process and pass on information (McCulloch and Pitts, 1943).

The most commonly used NN architecture is the feedforward neural network

(FNN) (Figure 2).

Feedforward neural network Recurrent neural network

Input Hidden Output Input Hidden Output
Layer Layer Layer Layer Layer Layer

Figure 2: Example of an architecture of a 3-3-3 feedforward and 3-2-2-1 re-
current neural network. Original figure from Pekel and Kara, 2017

In this architecture input neurons z; are connected to one or more layers of
hidden neurons hy, which in turn are connected to output neurons y; (Figure
3).

Each neuron £ receives input signals from m input variables z;,t =1,...,T,
where each input x; is connected to neuron k through a weighted link with
associated weight wy. Each hidden neuron applies a transfer function (acti-

vation function ¢) to transform the inputs it receives. One of the most widely

used activation functions is the hyperbolic tangent function

18



Fixed input xy = +1 o—— wyy = by

Tl o— Wi L
! H Activation
: function Ohutput
Inputs { T; o W ¢ /é/ ..p()l Ch
T O—— WLT
Weights

Figure 2. Model of an artificial neuron k.

Figure 3: Architecture of a neuron k. Original figure from Haykin, 2009, figure
from Peedosk, 2019

et —e "

tanhez = ———,
er +e %

which introduces nonlinearity into the model and enables learning of complex

patterns.

These associated weights represent the influence of each input on the neuron’s
activation. In addition to weighted inputs, bias term by = wyg is used to
adjust the neuron’s total input. The bias can also be expressed as a fixed
input xg = +1. Using this we can construct the formula for the output of

neuron k

T
Yj = SO(Z TyWht)
t=0

(Hsieh, 2004).

19



2.3.1 Finding optimal weights and biases

Goodfellow, Bengio, and Courville, 2016

In FNN, weight matrix W is first initialised, after which neuron k£ output is
calculated. Output from the first pass (forward propagation) is used to get
a loss between output y and true value y. Using losses of every point in the

dataset we can calculate the cost function

T0) = > L),

where 6 is the matrix of weights and biases.

Then derivatives of the cost function J (gradients) are computed w.r.t each
parameter using backpropagation algorithm. After that each weight and bias

are updated using gradient descent.

2.3.2 Backpropagation algorithm

Backpropagation algorithm calculates the gradients w.r.t variables by work-
ing backward through the neural network from output. So for example in the
case of a neural network with one hidden layer first the gradient w.r.t output

activation (p,) is

N4
0p,

Then chain rule is applied to get the rest of the gradients, so gradient w.r.t

output before activation (S,) is

0J  0J Oy,
0S, ~ 00,08,

20



Using that we can get weights and biases of the output (W, and b, respec-

tively) as follows

ogJ  9J 9S,
oW, 98, 0W,
and
oJ  oJ
ob, 0S,
respectively.

Next we can find the gradient w.r.t hidden layer activation (yy,)

oJ =0T 0S8,
agph B ; aSo a(ph '

Finally we can find gradient w.r.t hidden layer before activation (S,) and

hidden layer weights and biases (W}, and by, respectively)

0J  0J Opn
8Sh N 8g0h 88h’
o  0J OS
oWy, 08, OW,
and
0J _ 0
ob,  OS)
respectively.

For every iteration, every weight and bias is updated with gradient descent

as follows:

oJ
Wnew =W - nw

21



and

where 7 - learning rate.

One has to be careful with tuning learning rate as if the learning rate is too
large, then every correction will overshoot the minimum. But if the learning
rate is too small, then the model will fail to converge meaningfully in the

given number of epochs (training cycles).

2.3.3 Recurrent neural network

Modeling time series with a feedforward neural network is problematic, as
it doesn’t account for sequential dependencies. Recurrent neural network
(RNN) addresses this issue by allowing feedback loops in the model (typically
from hidden layer back to itself, implying h, is also the output of the RNN)
(Figure 2).

hy = @(Waxy + Uhy_y +b),

where

W - weight matrix associated with input z; from from time ¢,

U - weight matrix associated with hidden state h;_; from time ¢t — 1 and
b - bias term.

This is more appropriate to sequential data, as this allows the model to
store memory of past inputs in the hidden layer. However, one of the main
issues with RNNs is the vanishing gradient problem - gradients of the loss

function become exponentially small with backpropagation. This means that

22



the model doesn’t use input from further up the sequence. To also account

for longer term dependencies, LSTM architecture is used.

2.3.4 Long short term memory

This subsection refers to Hochreiter, 1997 and Gers, Schmidhuber, and Cum-
mins, 2000.

LSTM is a type of recurrent neural network (RNN) designed to model and
predict sequential data that has long-term dependencies. In addition to RNNs,
LSTMs use an architecture with recurrent memory cells (Figure 4) to main-
tain and update information over long sequences. To achieve that, in addition
to memory cells, LSTMs use gates (forget, input and output gates), which

pass information between the memory cells and LSTM’s RNN net.

Cell state R \

—Cr—1-] . > G Cr—>»
i Forget E Input | tann [ he
‘t gate
>

t gate
CI —> g —i-tanh A Output
A A A gate/
_ht—l
X¢

Figure 4: Architecture of a memory cell at time ¢. Figure is created using
base figure from Jenkins et al., 2018

Forget gate unit is used to learn to gradually reset memory blocks once their

contents are out of date. For each time ¢, forget gate f; is computed as

fe=o(nets(t)),

23



where

o - sigmoid activation function o(z) = = and

netf(t) = Wfﬂ?t + Ufht_l + bf,

where

W; - Weight matrix associated with input z; from time ¢,

Uy - Weight matrix associated with hidden state h;—; from time ¢ — 1,
by - forget gate bias term.

A multiplicative input gate unit is used to protect memory contents stored
in CEC from perturbation by irrelevant inputs. For each time ¢, input gate
14 is computed as

iy = o (net;(t)),

where

neti(t) = Wiz, + Uhy—1 + by,

W; - Weight matrix associated with input x; from time ¢,
U; - Weight matrix associated with hidden state h; 1 from time t — 1,
b; - input gate bias term.

Each memory cell for time ¢ has a recurrently self-connected linear unit
called the "Constant Error Carousel" (CEC), whose activation is called the
cell state ¢;. The aim of the CEC is to preserve gradients over long sequences.
For ¢y, t = 0 and using forget and input gates, the cell state activation ¢;, ¢ > 0
is given as the following:

¢ = fici—1 + 4Gy,
where
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candidate cell state ¢ = tanh (net.(t)) and

net.(t) = Wexy + Uchy—1 + be,

where

tanh - hyperbolic tangent activation function,

W. - Weight matrix associated with input x; from time ¢,

U. - Weight matrix associated with hidden state h;_; from time ¢t — 1,
b. - candidate cell state bias term.

A multiplicative output gate unit is used that protects other units from
perturbation by currently irrelevant memory contents stored in ¢. For each

time ¢, output gate o; is computed as

o = o (net, (1)),

where

net,(t) = Woxy + Uyhy—1 + by,

W, - Weight matrix associated with input z; from time ¢,
U, - Weight matrix associated with hidden state h;_; from time ¢t —1,
b, - output gate bias term.

Thus we get the hidden state h; for time ¢ as the final output

ht = 0Ot tanh(ct).

In the beginning of learning phase, error reduction may be possible without

storing information over time. Thus the network will abuse memory cells as
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bias cells. It may take a long time to release abused memory cells to make
memory cells available for further learning. Similar issue happens when two
adjacent memory cells store the same redundant information. To combat this,
initialize the forget, input or the output gate with a negative bias to push

initial memory cell activations towards zero.

2.4 Hybrid Model

This subsection refers to Zhang, 2003.

Hybrid models capture linear trends and seasonality by considering a time
series to be composed of a linear autocorrelation structure and a nonlinear

component.

yr = Ly + Ny + €4,

where L; denotes the linear component,
N, denotes the nonlinear component and
€; is random error.

These two components have to be estimated from the data. First, SARIMA
models the linear component, then the residuals from the linear model will

contain only the nonlinear relationship
er =y — Lu,

where ¢; is the residual at time t from the linear model and

L; is the forecast value for time ¢ from the estimated relationship.

26



With n input values, the machine and deep learning models for the residuals

will be

ee=Ni+e = fleim1, €9, ..., €in) + €,

where f is a nonlinear function determined by machine or deep learning morel

and ¢; is the random error. The combined forecast is then the following:

Ui = Li + N;.

The hybrid model exploits the unique feature and strength of ARIMA model
as well as non-linear models in determining different patterns. This should
improve the forecasting performance compared to only applying either of the

methods.

2.5 Loss functions

The most common way to evaluate the performance of the models from differ-
ent methods in using loss functions. Loss functions are especially important
for machine learning methods and deep learning methods as they are also

used for training models.

Loss function is defined as L(y, 3), where y is the true value and g is predicted
value of a model. In it’s simplest form loss function is a penalty for prediction
error. The aim of the loss function is to show the discrepancy of true values
and predicted values. Therefore the lower the value of loss function, the lower

the discrepancy. Due to this the goal is to minimize the loss function.

The most suitable loss functions for regression tasks are bilateral loss func-
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tions (Nie, Hu, and Li, 2018). The most widely used bilateral loss functions
for regression tasks, especially when no set of estimates are known to be
the most reliable are root-mean-square error (RMSE) and the mean absolute
error (MAE) (Willmott and Matsuura, 2005). RMSE is more sensitive to
outliers compared to MAE (Willmott and Matsuura, 2005). This is not ideal
for time series tasks in this thesis as there is larger volatility from noise due

to the nature of the market data.

MAE involves summing the magnitudes (absolute values) of the errors and

then dividing the total error by n (Willmott and Matsuura, 2005)

Therefore MAE is calculated as following:
1 T
MAE = T ; |yr — Gt

Due to the robustness of MAE and it being one of the simplest widely used
loss functions, this thesis will use it for machine learning and deep learning
modeling. As different financial instruments and portfolios have very different
scales, a different loss function is needed for evaluating the performance of
models. To get fair comparisons, this thesis will use mean absolute scaled
error (MASE), as it is closely related to MAE, while being independent from

scale of the variables

O E—
) T *
ﬁ Et:Z Y — Y]
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Therefore MASE is calculated as following:

T R
%thl lye — Uil

MASE = - T .
71 thz 1Yt — Yi—1|

MASE is made to combat the shortcomings of relative measures and measures
based on relative errors (Hyndman and Koehler, 2006). It achieves this by
scaling the error based on the in-sample MAE from the naive forecast method

(Hyndman and Koehler, 2006).

Machine learning and deep learning models struggle to learn with the pres-
ence of strong trends in series (Zhou, 2023, Elsworth and Giittel, 2020) and of-
ten assume certain degree of stationarity (Liu et al., 2023). For both machine
learning and deep learning models it is recommended to remove such trends
via differencing (Brown et al., 2024, Elsworth and Gittel, 2020, Schmid et
al., 2024). As we expect strong linear trends in daily profit data for financial
institutions, we can modify MASE to better fit the purpose of this thesis.
This thesis will use rolling forecast strategy to better mimic forecasting in

day-to-day operations of a financial institution.

Let Ay; = y; — y;_1, then we can construct the forecasted value g of a model
to reflect first order of difference instead of using the actual value. Rolling
forecast means that the model inputs (or even the model itself) are updated
at every step to use all the available data. Due to the nature of rolling forecast,
we can assume that true value y;_; is known for time t — 1 at every step
of the forecast. Therefore we can construct the forecasted difference at every
time step AAyt = 4 — Y11 (not to be confused with Ay, = y; — g,—1). Using
this, MASE can be expressed the following way:
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MASE = %Zle [(Ays +yi-1) — (AAyt + 1) _ %Zthl Ay — AAyt|

T T
ﬁ Zi:Q | Ayl ﬁ thz | Ay

MASE was proposed by Hyndman and Koehler, 2006 with an assumption
that the MAE for the first in-sample forecast is not known for the naive
method, which is not the case for any series data that naturally starts before
the range used in research. We propose a new improved metric that can be
used if the value before the series is also known. Proposed corrected MASE

(cMASE) can be defined as the following:

%Zf:l |y — Ul _ STy — el
% 2:{:1 |?/t - yt—1| Zthl |yt - yt—1|

which has the added property of being exactly 1 for the naive method (since

cMASE =

in that case y; = y;_1), therefore being more intuitively interpreted than the
original MASE metric. This also means that any values over 1 imply worse
performance than the naive method and any values under 1 imply better

performance compared to naive method.

Using the newly defined cMASE for our final performance metric in case of

differencing can be expressed as the following:

23:1 ’Ayt - AAZ/t’

cMASE = =
thl |Ayt|

2.6 Importance and hypothesis

Forecasting accurate profits is important to make more informed investment

decisions. For financial institutions working with market data it is also essen-
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tial in order to get a better understanding of the current market climate. It
is also useful to detect potential market data errors or anomalies in a more

timely manner.

This thesis attempts to explore how traditional time series methods compare
against more modern machine learning and deep learning models in different
type of financial series - unlike most studies, which focus on individual cate-
gories of models, this thesis will give a more comprehensive overview of using
different methods to forecast financial time series data with different levels
of aggregation. Even more, this thesis attempts to keep comparisons as fair
as possible by implementing as similar method as possible to machine learn-
ing, deep learning and hybrid models in addition to using a time sensitive

cross-validation for all the different methods.

To achieve this, we will create a create a flexible modular framework to be
used in Swedbank AB for not only forecasting profits, but any series data.
Even though there exists automated forecasting pipelines (Meisenbacher et
al., 2022), this thesis doesn’t attempt to automate the forecasting process
as there are too many special cases to consider in terms of market data. As
training and testing machine and deep learning models can be very costly,
the thesis will also attempt to find out how long of a training and testing
series is reasonable for data splitting in time series data and characterize how

final testing results change with the size of training data used.

Due to latest research suggesting hybrid ARIMA-LSTM models might be the
strongest in predictions related to profits and financial market data (Choi,
2018; Dave et al., 2021; Fan et al., 2021), we propose a hypothesis that the
overall best model will be a hybrid ARIMA-LSTM model.
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3 Methodology

3.1 Dataset

The models are trained and tested using Swedbank AB market data from
Swedish financial markets area. The whole dataset consists of aggregated
daily profit and loss figures from 2017-01-01 to 2025-04-30 (100 months).
Dataset has 2094 rows from non-holiday weekdays (mostly five values per
week). To compare how the models perform with different type of underlying
data, we’ve decided to test models on three time series with different levels
of aggregation. The levels used in this thesis are the following: aggregated
daily profits from one type of instrument (is comprised of numerous different
trades with that type instrument), aggregated daily profits from one portfolio
and aggregated daily profits from one trading desk.

Due to bonds being less volatile and more tied to macroeconomic factors, this
thesis will attempt to assess profit series aggregated on an instrument level
modeling using aggregated profit data from government bonds and bond fu-
tures used to hedge the asset risk. As mentioned previously, it is unreasonable
to look at profits from government bonds without also looking at profits from
the instrument used to hedge them. Due to the stable and often linear nature
of these instruments, we expect these instruments to have the least amount of
noise in the series, which could give an edge to traditional time series models.
To assess the performance with profit series aggregated on a portfolio level,
this thesis used aggregated profit data from a portfolio that primarily deals
with government bonds, but also has a mix of other instruments mentioned
earlier (for example but not limited to FX, FRA and swaps). To assess the

different method’s performance on profit series aggregated on a trading desk
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level, this thesis used profit data from an earlier mentioned desk that contains
the portfolio, which is used for profit series aggregated on a portfolio level.
Data for bonds and bond futures, for the portfolio and for the trading desk
were used separately for modeling. This means that all of the methodology

was applied to instruments, portfolio and desk one after another.

3.2 Data preprocessing

As the dataset was missing data from weekdays from holidays and small
number of weekdays, where market data was erroneous, these weekdays were
linearly interpolated using the two closest weekdays where there was data

(one before and one after missing row) as follows:

Ti_ob + Tippa

€T+ =
! a-+b

Y

where

Z; is the interpolated value from time ¢, using closest existing values from

times t — a and t + b.
After interpolation the series had 2173 values.

Following interpolation, the series data was checked for stationarity using
Augmented Dickey Fuller (ADF) test. ADF tests checks if the unit root is

present in the series using the following formula:

p
Ayt = U —+ Bt + YYt—1 + Z 57;A?/t—17
i=1

where

i - constant drift term,
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[t - time trend,
7 - unit root coefficent (in case of non-stationary series v = 0) and
> P 1 0;Ay; - lagged difference terms up to lag p (Said and Dickey, 1984).

As all three series were not stationary, the series were differenced at lag 1 and
re-checked for stationarity. After differencing all the series once, every one of
them became stationary. As all of the models perform better on stationary
series (Hyndman and Athanasopoulos, 2018), we will use differenced data for

all three series for all models.

After differencing the series had 2172 values. All variables were scaled to
have a mean of zero and a standard deviation of one. This helps machine
and deep learning models converge faster. In addition this makes the models
more stable. Without standardization the models could struggle to learn

efficiently leading to underfitting. Variables were standardized as

where
g=+>0, y and
s = /5t S (s — 9

The means and standard deviations were estimated before validating every

fold and later before each testing segment. This means that validation and
testing data were also standardized using the parameters estimated from
training data to avoid any potential data leakages during validation and
testing. Data leakage happens when out-of-sample information is used for

modeling.

Data was also augmented with lagged values 1-10 (lagi; = x;_;) and higher
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lags which showed larger residuals in autocorrelation function (ACF) or par-

tial autocorrelation function (PACF) of residuals. Lags were no higher than

the average one quarter (3 months) data (nguarter = 211&)'3 ~ 65, so highest lag
271
was 65. Lag 22 was also added to represent monthly data (nm,enin = Too = 22.

Similarly, different rolling statistics were added to the data with same times
as lags after 1 (for example mazi; = max(x;_1, ..., x+—;), 7 > 1). The statistics
applied to lags were maximum, minimum, standard deviation and mean. To
characterize the yearly and weekly patterns better, calendar week numbers
(1,...,53) and days of the week (1,...,5) were augmented. This resulted in
at least H8 augmented variables for all series. A set of augmented variables

X in this case could be the following:

X = {lagi,lags, . .., lagss, maxs, . .., stdss, stdes, week, day}.

3.2.1 Data splitting

Data was split based on time to maintain the nature of series in all segments.
There is no consensus on appropriate split ratio. As the time series was quite
large, we have decided to use a more conservative split ratio. Data was split
using 90/10 split ratio, so first 90 months of series was used for training and
validation. The other 10 months were used for testing. This resulted in a
training and validation set of 1955 and 217 observations respectively. For fair
comparison between SARIMA, machine learning, deep learning and hybrid
models, the first 65 rows were removed due to missing values for some rolling
statistics. Rest of the training data was split into 5 equal segments based
on time for cross-validation. This resulted in 378 observations for every fold.
Cross-validation was used to avoid overfitting by putting more emphasis on

out-of-sample testing to improve its generalization ability. Each segment was
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further split using 90/10 ratio for training and validation. This resulted in

340 observations that were used for training and 38 observations that were
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Figure 5: Timewise training, validation, and test splits used for model train-
ing and evaluation.

3.2.2 Training data for final testing

Importance of size of the final training data was also tested using the sizes of
previously defined folds. For the first testing segment only the chronologically

last training fold was used as the training data for final testing (Figure 6).
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Figure 6: Training data used for testing segment 1.

For the second testing segment, the chronologically last two folds were used
as the training data for the same final testing (Figure 7). Similar testing was

done with third and fourth testing, with fifth testing using the whole training
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Figure 7: Training data used for testing segment 2.
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3.3 Modeling

There are several methods used to improve the machine and deep learning
models’ performance. We have already introduced augmentation to prevent
underfitting. As this resulted in over 58 new variables in dataset that are
quite possibly highly correlated, there are several methods used in modeling

to prevent overfitting.

3.3.1 Feature importance

Due to the large number of augmented variables used, it is not reasonable to
pass all of them to machine learning and deep learning models due to risk
of overfitting. To keep the model complexity optimal, a concrete number of
variables was used for training and validation, later for testing. To keep the
comparison between models as equal as possible, this number of features was
determined using permutation importance for all models (Altmann et al.,
2010). The benefit of permutation importance is also being able to see which
variables affect the forecasts and their impact to the models. After fitting a
model to training data, variable values were shuffled across all observations.
This ensured that any structure learned from that variable would no longer
influence model performance. After each shuffling, model performance was
re-evaluated — the larger the decrease in performance, the more important
the variable. To avoid instability due to randomness, the permutation and
evaluation process was repeated several times for each variable, and the av-
erage drop in performance was recorded as the variable’s importance. For
initial tuning, this was repeated 10 times. For final tuning, this was repeated

30 times. For testing, this was repeated 50 times.
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3.3.2 Refitting

Due to the length of the testing set, there is a clear potential issue with
model aging. Refitting the models at every time step is very costly for both
validation and testing and doing that every single time step increases the risk
of overfitting. To counter these issues, we will use refitting time as a time
length after which the most important variables are determined and models
are refit using the newly made available data from validation and testing set
from the time the model was not refit. Inbetween refitting times, the models
won’t be refit - instead we will use lastly fit model’s coefficents/weights /biases
on new data from rolling forecast. During refitting hyperparameters such as p
or ) for SARIMA or learning rate for non-linear models are not reevaluated.
The possible refit times were limited due to the size of validation data from
one fold. For example, to avoid potentially refitting at times 12, 24, 36 on
validation data with the size of 38, we divided 38 with integers 1-38 to get
all the possible refitting time sizes, so a possible refitting time would be the

following: ¢; = round(%2,1),¢t = {1,...,39}.

3.3.3 Regularization

Due to the nature of augmented data, there is a strong possibility that mul-
ticollinearity might be an issue when trying to fit machine and deep learning
models using over 40 variables. To address this, we will use a combination of
Lasso (L1) and Ridge (L2) penalties to shrink coefficients when variables are

correlated. L1 penalty is defined as

L1=L(y,9) + M Z |B3il

i=1
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(Tibshirani, 1996)

and L2 penalty is defined as

L2=L(y,9) + X\ » B
=1

(Hoerl and Kennard, 1970).

A combination of penalties is used as it adds more depth to hyperparameter

selection so models could be better at matching data characteristics

n

L1L2 = Ly, §) + M > _ 18]+ 2 > B2
=1

i=1
3.3.4 SARIMA

To avoid any potential subjectivity that stems from choosing SARIMA mod-
els using ACF and PACF plots, we used cross-validation similarly to other
methods for finding the best model. Before cross-validation, every potential
model was fit to the whole training data with Ljung-Box test to avoid po-
tential overfitting with unreasonably complex models. For large time series
data (over 1000 observations), it is appropriate to use Ljung-Box test with
20 lags (Hassani and Yeganegi, 2020). If any of the first 20 Ljung-Box val-
ues were under critical value 0.05, then the potential model was discarded.
Models were evaluated on training, validation and testing data using a 1-day
rolling origin forecast (Figure 8) - after every forecast, the true value was
added to the training data, which was used to make a forecast until the end

of validation and testing segments (Tashman, 2000).
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Figure 8: Rolling Origin and Rolling Window Forecast

3.3.5 Machine learning

Machine learning methods used a rolling origin forecast similarly to ARIMA
(Figure 8). During validation and testing, before forecasting the next value,
all the augmented variables were calculated for time ¢ 4 1, which were then
used to get the forecast for time ¢+ 1. After forecasting a new day, true value

was added as the original series value for ¢ + 1.

3.3.6 LSTM

Due to LSTM being trained on a sequence trying to forecast a single value
after sequence, it was necessary to divide each training segment into further
sequences to avoid overfitting. Due to relatively large folds, to further prevent
overfitting, the sequences were not overlapped. This also avoids any potential
data leakage in training. LSTM used tanh and sigmoid activation functions

as described previously. LSTM network also used the Adam optimization
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(Kingma and Ba, 2014) as it has been the prevailing optimizer in neural
networks for many years. Adam optimizer computes adaptive learning rates
for all variables by keeping track of mean and variance of gradients. Unlike the
machine learning models, during validation and testing LSTM used rolling
window forecast (Figure 8). For LSTM the sequence up to ¢ with the most
important variables was used to forecast t 4+ 1 value. After forecasting, true
value was added as the original series value for t41 along with the augmented
variables for 41 and the first value in sequence was removed for next forecast
to keep the sequence data sizes consistent throughout the validation and

testing (Tashman, 2000).

In this thesis, LSTM was modeled using Keras framework in Python (Chollet,
2015). Keras makes it is possible to construct neural networks layer by layer.

Keras was used for its ease of use and because as it supports LSTM models.

3.3.7 Hybrid models

For Hybrid models, best SARIMA model was fit onto the training data along
with 65 observations right before the training data for each fold to get the

residuals e; for training

er = Yt — Y-

After getting the residuals, augmented variables were created and the first
65 observations were removed. SARIMA model was refit using the refitting
time and hyperparameters from previously found best SARIMA model. For
each forecast, first SARIMA was used to forecast the value at time ¢ + 1.
Then a previously described rolling forecast was used for machine learning

(origin) or deep learning (window) models to forecast residual at time ¢ + 1.
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Final forecast of £ +1 was the sum of SARIMA forecast and residual forecast

for t + 1.

3.4 Hyperparameter tuning

There is no clear consensus on the best way to find the most optimal hy-
perparameters. The classical way would be using grid search for tuning pur-
poses, however this is computationally very expensive with more variables.
As customization was a requirement for this thesis, this thesis used Optuna
framework (Akiba et al., 2019) as a more sample efficient method than ran-
dom search. Differently from random search, Optuna framework builds a
probabilistic model to choose hyperparameters better based on previous it-
erations. Optuna formulates the hyperparameter optimization as a process
of minimizing an objective function that takes a set of hyperparameters as

an input and returns its performance metric score:

Topt € argminf(z),

where x is a hyperparameter configuration.

Due to the large initial search space and the high-dimensionality of the data,
this thesis uses Tree-structured Parzen Estimator (TPE) as Optuna’s al-
gorithm to find what hyperparameters to use next using the results from

previous trials.

TPE doesn’t model f(x) directly, but tries to model two probability densities:

bad(z) = p(zly > y")
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and

good(z) = p(zy < y),

where y is observed performance metric score, y” is a threshold that separates

good and bad trials (Watanabe, 2023).

Probability densities are fitted using kernel density estimaton (KDE) as fol-

lows:

P I o —
= — K !
/ nh ; h
where K is the Kernel and h > 0 is a smoothing parameter (Hastie, Tibshi-

rani, and Friedman, 2001).

This thesis used the default KDE kernel in TPE - the Gaussian kernel defined

as K(u) = \/%e_u?.

After fitting KDEs to estimate bad(z) and good(z), the algorithm tries to

[§]

maximize the ratio gbi‘zid(g) (Watanabe, 2023).

The main benefits of Optuna for this task were compatability with modular
programming due to the unique method deployed in this thesis and the option
to stop training iteration after first fold or two, if the performance metric gave

undesirable results.

Models with given hyperparameters were fit and validated for each fold
separately and evaluated according to the average cMASE score in cross-
validation. Due to very large initial search space, we used 100 Optuna trials
for initial tuning. From initial tuning we chose 3 best sets of hyperparame-
ters to set the intervals for hyperparameters for final tuning. For example if
number of features for the 3 best models were 6,8,9 then an interval of 6-9

would be used for final tuning. For final tuning we used 50 trials. The hy-
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perparameters with best performing models on average across all folds were

used for final testing.

3.4.1 Hyperparameters tuned

For SARIMA, hyperparameters that were tuned were the following: order of
AR term, order of MA term, order of seasonal AR term, order of seasonal
differencing and order of seasonal MA term. Season period used was 5 due to
it being one week long. Orders of AR term and MA term were tuned in the
range 0-4, orders of seasonal AR and MA term were tuned in the range 0-4,

order of seasonal differencing was tuned in the range 0-1 and refitting time.

For machine learning methods, parameters that were tuned were the follow-
ing: number of estimators (decision trees), max depth (maximum number of
layers on a tree), learning rate, number of features, regularization parameters

a (L1) and A (L2) and refitting time.

For LSTM, parameters that were tuned were the following: units (hidden
states), dropout (randomly excluding neurons for generalization), recurrent
dropout (dropout used between LSTM time steps), epochs (how many times
weights and biases are updated), learning rate, number of features, number of
sequences, L1 and L2 rates and refitting time. Initially complexity of LSTM
network allowing several hidden layers was also tuned. Since every network
with more than one hidden layer performed consistently significantly worse
than a network with only one hidden layer, this was omitted from final list

of tunable hyperparameters.
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4 Results

The performance of traditional time series, machine learning, deep learning
and hybrid models on profit data aggregated on different levels is presented

in the following chapter.

4.1 Profit series aggregated on an instrument level

For profit series aggregated on an instrument level, all of the models managed
to beat the naive method (¢MASE < 1) on average across all the cross

validation training folds (Table 1).

Table 1: Performance metrics (cMASE) of different methods on profit series
aggregated on an instrument level

Simple series | SARIMA | LGB | XGB | LSTM | H-LGB | H-XGB | H-LSTM
Features ) 11 11 13 20 13 14
Refitting time 1 10 13 19 10 13 19
CV average 0.9829 0.9699 | 0.9920 | 0.9458 | 0.9728 0.9769 0.9621
Testing segment 1 1.0161 0.9989 | 0.9925 | 1.0164 | 1.0382 1.0141 1.0491
Testing segment 2 1.0069 0.9987 | 0.9966 | 1.05647 | 1.0225 1.0072 1.2285
Testing segment 3 1.0008 1.0058 | 1.0042 | 1.0564 | 1.0029 1.0020 1.1831
Testing segment 4 0.9981 1.0032 | 1.0052 | 1.0141 | 1.0153 0.9989 1.2243
Testing segment 5 0.9982 0.9988 | 0.9996 | 1.0150 | 1.0106 0.9979 1.2301

Note. Bold values show best performance for a method among all five testing seg-
ments. "H-" indicates hybrid models.

SARIMA used the least amount of features for the final model. The best
SARIMA model in validation was (3,0,0)x(0,1,1)5. The effect of param-
eters D and () to the final model was almost non-existent, therefore the
best model is almost equivalent to (3,0,0)z(0,0,0)s, which means that sea-
sonality played a minuscule role in the final model. SARIMA was the only

method that didn’t suffer from overfitting when refitting model after every
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forecast, therefore the best model was refitted to all of the data at every
timestep during testing of SARIMA model and during training, validation
and testing of hybrid models. Hybrid models were the most complex (13-20
augmented features), which might suggest that machine and deep learning
models failed to detect meaningful patterns in the SARIMA residuals. For
non-hybrid machine and deep learning models LSTM had 2 augmented fea-
tures more for best model in validation, which might point to more risk of
overfitting similarly to hybrid models. One of the most surprising results was
that machine and deep learning models that were refit every 2-4 weeks per-
formed better than models that were refit more frequently suggesting that
underlying patterns in instrument level aggregated profit time series did not
change very frequently. This was also observed during testing when 6-8 of
the most important features remained same throughout most of the testing
for both regular machine learning, deep learning and hybrid models. Another
interesting thing to note is that the best refitting time for all hybrid machine
and deep learning models was exactly the same as for the regular models.
This suggests that the SARIMA residuals might have same underlying pat-
terns as the instrument level aggregated profit series. Thus it is possible that
non-hybrid machine and deep learning models might’ve modeled different
underlying patterns compared to SARIMA, that remained within SARIMA
residuals. The best result in validation was achieved by regular LSTM mod-

els, followed by hybrid LSTM and regular Light GBM models.

From testing results it seemed correct to assume that models with lot of
augmented features were prone to overfitting. The only models that managed
to beat naive model with any testing segment were SARIMA, LightGBM,
XGBoost and XGBoost hybrid model. While XGBoost seems very consistent

replicating similar results in testing as it did in validation, from figure 9 we
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can see that cMASE scores for XGBoost were almost 1 during the whole
testing time, which means that it underfit the series data making forecasts

similarly to the naive method.
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Figure 9: Performance metrics (¢t MASE) of non-hybrid methods on profit
series aggregated on an instrument level over the course of testing

Even though XGBoost hybrid model managed to beat the naive method,
from figure 10 we can see that it did so because it was underfitting the
SARIMA residuals as well (the H-XGB graph looks almost identical to the
earlier observed SARIMA c¢cMASE graph).

During the first three months of testing hybrid Light GBM and hybrid XG-
Boost models managed to beat the naive model while SARIMA managed
to do that for the first six months. SARIMA was even 10% better than the
naive model for the first two months (SARIMA, hybrid Light GBM and hy-
brid XGBoost with testing segment 1 even about 25% better). This suggests
that these models should be retrained after every two to three months with

series data of a similar size. For the whole testing period the cMASE scores
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Figure 10: Performance metrics (¢cMASE) of hybrid methods on profit series
aggregated on an instrument level over the course of testing

eventually converged to a c MASE similar to what was observed in validation.

Both LSTM and hybrid LSTM models had noticeable negative slope in the
second half of testing, which might suggest that with a longer testing time-
frame their testing scores might’ve converged to the cMASE scores that were

seen during validation.

Using the average score of testing segment cMASE scores, the best training
data to use for testing was the last observed fold in training with an average
of 1.0178, however this is largely impacted by the irregular result of hybrid
LSTM model. By leaving the performance metrics of hybrid LSTM out, the
best testing segment was the testing segment that used all of training data
to train the final models with an average score of 1.003, which seems to be
consistent with the sentiment that more data for training is better. This
effect is most clearly seen with traditional models - for non-hybrid machine

and deep learning using only the last training fold had almost exactly the
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same performance as using all of the data. While this is surprising that the
final models can be tested using only fraction of the data, it could due to

recency of the series being important for modeling.

If we leave out the results from XGBoost and hybrid XGBoost due to issues
with underfitting, the overall best model for simple instrument level data
seems to be SARIMA with the best observed cMASE scores in testing and
the most consistent testing result compared to the average cMASE observed

in validation followed by regular Light GBM model.

4.2 Profit series aggregated on a portfolio level

For profit series aggregated on a portfolio level, all models except LSTM
and hybrid LSTM managed to beat the naive baseline on average across the

cross-validation folds (Table 2).

Table 2: Performance metrics (cMASE) of different methods on profit series
aggregated on a portfolio level

Inter series SARIMA | LGB XGB | LSTM | H-LGB | H-XGB | H-LSTM
Parameters 5 6 2 7 6 6 18
Refitting time 1 13 8 19 8 5t 10
CV average 0.9973 0.9983 | 0.9849 | 1.0085 0.9893 0.9671 1.1651
Testing segment 1 0.9819 1.0025 | 0.9967 | 1.1433 | 0.9922 | 0.9846 1.6037
Testing segment 2 0.9966 1.0185 | 1.0001 | 1.0730 | 0.9855 1.0106 1.0943
Testing segment 3 0.9953 0.9973 | 0.9999 | 1.0151 0.9927 1.0024 1.2026
Testing segment 4 0.9967 0.9916 | 0.9999 | 1.1106 | 0.9844 0.9960 1.0615
Testing segment 5 0.9971 1.0304 | 1.0002 | 1.0133 | 1.0001 0.9969 1.1082

Note. Bold values show best performance for a method among all five testing seg-
ments. "H-" indicates hybrid models.

Similarly to simple complexity data modeling, SARIMA required 5 parame-
ters and was refit after every forecast. SARIMA was again the only method

that didn’t suffer from overfitting when refitting model after every forecast,
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therefore the best model was refitted to all of the data at every timestep dur-
ing testing of SARIMA model and during training, validation and testing of
hybrid models. The best SARIMA model in validation was (0,0, 3)x(0, 0, 2)s.

It is possible that both LSTM and hybrid LSTM were overfit similarly to
simple data as they again had most number of parameters (7 and 18 respec-
tively). The fact that both LSTM and hybrid LSTM ¢cMASE dropped with
a larger training set might indicate that there were not enough sequences
to meaningfully train the model on the series, which suggests that LSTM
would have performed better if there was more series data available. From
figure 11 we can see that LSTM actually performed the best between testing
months 2-3 (sharp drop in all testing segments), though due to the volatility
in LSTM performance metric, it seems unreasonable to make any concrete

conclusions from this.
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Figure 11: Performance metrics (cMASE) of non-hybrid methods on profit
series aggregated on a portfolio level over the course of testing

For profit series aggregated on a portfolio level it seems that while both hybrid
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machine learning models were better in validation and testing than their
non-hybrid counterparts, they still failed to outperform traditional SARIMA
model on the best result in testing. For hybrid machine learning models in
testing segment 1, we can see that the cMASE over the course of testing was
almost exactly the same as SARIMA, which means the hybrid models failed
to find any non-linear patterns from residuals. However, using 4-5 training
folds for fitting the initial model for testing resulted in better performance
metrics for hybrid machine learning models compared to traditional SARIMA
model. This is possibly due to SARIMA model parameters being outdated
in later timeframes of testing. All the hybrid models had lower refitting time
compared to non-hybrid models. This indicates that there were more pattern
changes in residuals compared to original series. Suprisingly similarly to profit
series aggregated on an instrument level, on most cases the models were
refitted less frequently than once a week, suggesting that on portfolio level
the underlying patterns in time series did not change frequently, though it

did change more frequently than the series on an instrument level.

From testing results we can see less problems with overfitting compared to
profit series aggregated on an instrument level. This is also reflected in the
number of parameters - excluding hybrid LSTM, the most number of aug-
mented variables was 7. For portfolio level series all the models except LSTM
and hybrid LSTM managed to beat the naive method at some testing seg-
ment, with only SARIMA managing to beat naive model in every testing
segment. While non-hybrid XGBoost seems to have relatively consistent per-
formance across all testing segments, it might again be due to underfitting
as all testing segments are almost one and from figure 11 we can see for these
segments the naive model was fitted throughout the whole testing. This un-

derfitting might stem from only 2 parameters used in final model, which
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fail to capture any meaningful patterns. Similarly to instrument level series,
hybrid XGBoost also failed to find meaningful pattern in the residuals of
SARIMA model, as all the cMASE curves of hybrid XGBoost look almost
the same as SARIMA cMASE curves (Figure 12).
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Figure 12: Performance metrics (¢MASE) of hybrid methods on profit series
aggregated on a portfolio level over the course of testing

Interestingly, hybrid LightGBM performed best on testing segments 2-4,
which might suggest that Light GBM might be best for modeling non-linear

patterns with anomalous training data.

Similarly to profit series aggregated on an instrument level, excluding deep
learning models, we can see SARIMA outperform the naive model over 5%
for five months, which might suggest that the initial models can only detect
patterns for 5 months (about 110 observations), after which the hyperparam-

eters need to be retuned.

Using the average score of testing segment cMASE scores, the best training

data to use for testing was all 5 folds with an average of 1.0201, however this
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is again largely impacted by the irregular results of deep learning models. By
leaving LSTM and hybrid LSTM performance metrics out, the best testing
segment was the testing segment that used only the data from the last fold
to train the final models with an average score of 0.9916, which seems to
indicate that models can be tested using only the fraction of the training

data. This again suggests that recency in the series is important for training.

Since all the models failed to capture meaningful patterns past 5 months of
testing data, based on cMASE curves I would say the best model for portfolio
level data was hybrid Light GBM as it consistently performed the best for that

timeframe in all testing segments.

4.3 Profit series aggregated on a trading desk level

For profit series aggregated on a trading desk level, all models except hy-
brid LSTM managed to beat the naive baseline on average across the cross-

validation folds (Table 3).

Table 3: Performance metrics (cMASE) of different methods on profit series
aggregated on a trading desk level

Complex series | SARIMA | LGB | XGB | LSTM | H-LGB | H-XGB | H-LSTM
Parameters 4 7 6 12 1 2 17
Refitting time 1 19 19 13 10 8 13
CV average 0.9780 0.9582 | 0.9924 | 0.9974 | 0.9764 0.9724 1.0156
Testing segment 1 0.9780 0.9957 | 0.9916 | 1.1195 | 0.9800 0.9602 1.0663
Testing segment 2 0.9857 0.9859 | 0.9902 | 1.1236 | 0.9871 0.9634 1.1392
Testing segment 3 0.9759 1.0085 | 0.9971 | 1.0219 | 0.9750 | 0.9600 1.1093
Testing segment 4 0.9762 0.9812 | 0.9995 | 1.0188 | 0.9756 0.9601 1.0093
Testing segment 5 0.9769 1.0057 | 1.0007 | 1.0194 | 0.9806 0.9623 1.0060

Note. Bold values show best performance for a method among all five testing seg-
ments. "H-" indicates hybrid models.

SARIMA required 4 parameters and similarly to profit series aggregated
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on a portfolio level, SARIMA was the only method that did not suffer from
overfitting when refitting model after every forecast, therefore the best model
was refitted to all of the data at every timestep during testing of SARIMA
model and during training, validation and testing of hybrid models. The best
model in validation was (1,0,0)x(1,1,1)5. The effect of parameters D and
(@ to the final model was almost non-existent, therefore the best model is

almost equivalent to (1,0,0)z(1,0,0)s.

For SARIMA, XGBoost and all hybrid models we can see that the models
performed better at one point in testing compared to validation, which sug-
gests that testing series was more stable due to having less noise. Similarly
to portfolio level series all the models except for LSTM and hybrid LSTM
were able to beat naive method at least in one testing segment, while only
SARIMA and hybrid machine learning models managed to consistently beat

the naive method.

Unlike profit series aggregated on an instrument and trading desk level,
SARIMA and hybrid XGBoost model managed to consistently beat naive
methods by more than 5% for first 5 months of testing, meaning the hyper-

parameters would need to be retuned less frequently (Figures 11 and 12).

While LSTM and hybrid LSTM models failed to beat the naive method, it
seems that both methods got better with more available data suggesting that
LSTM might perform much better on a series with more observations. Even
though the models had numerous parameters (12 and 17 respectively), they
did not overfit the testing series as much as with instrument and portfolio

level series.

Hybrid machine learning models had less parameters than their non-hybrid

counterparts, which might suggest that they (especially hybrid XGBoost
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Figure 13: Performance metrics (¢(MASE) of non-hybrid methods on profit
series aggregated on a trading desk level over the course of testing

model) complemented the result from SARIMA quite well. This was also ob-
served with important predictors during testing - for machine learning mod-
els, the augmented variables used were mostly either 30+ lag, mean or stan-
dard deviation. This suggests that SARIMA modeled series on recent history
while machine learning models added context and patterns from longer pe-
riod. This resulted in hybrid Light GBM beating traditional SARIMA model
on some testing segements and hybrid XGBoost beating every other model

on every testing segment.

Similarly to profit series aggregated on a portfolio level, all hybrid models had
a shorter refitting time compared to non-hybrid counterparts, meaning un-
derlying patterns in residuals might have changed more frequently compared
to underlying patterns in series. Refitting time on most models behaves the
same way as with previous series - it is most reasonable to refit the machine

and deep learning models once every two or more weeks.
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Figure 14: Performance metrics (c(MASE) of hybrid methods on profit series
aggregated on a trading desk level over the course of testing

Using the average score of testing segment cMASE scores, the best training
data to use for testing was all 5 folds with an average of 0.9931, if we leave
out the more inconsistent LSTM and hybrid LSTM models, the best testing
segment was the testing segment that used only the data from the last 4
folds to train the final models with an average score of 0.9785. While using
only 1 fold for training did not result in best score, it had an average score of
0.9811, which is quite close to the scores from testing segment 4 and 5. This
means that it might be much more beneficial to use only last fold for final

testing purposes due to the much lower testing cost in resources.

Non-hybrid XGBoost model had issues with underfitting similarly to other
series, as the cMASE score was almost 1 throughout the testing time. The
best model is hybrid XGBoost with the best performance throughout all

timepoints in all testing segments.

56



5 Discussion

Even though series was meant to be scaled for XGBoost models, in the end
we chose to forego that as the models were slow to converge and had much
worse performance metrics compared to unscaled series model counterparts
(on most occasions consistently at least a 30% higher cMASE score). While
there have been differences in models due to different scaling methods (Ahsan
et al., 2021; Amorim, Cavalcanti, and Cruz, 2023), they have usually found
that gradient boosting methods aren’t usually affected by different scaling
methods. However, there is evidence (Sujon et al., 2024) with small datasets
(under 15000), that scaling before using XGBoost to model may result in
worse accuracy. The precise reason why scaling consistently resulted in this
large of a drop in performance for XGBoost when modeling series data re-
mains unclear. The most likely explanation is that modeling with unscaled
data resulted in forecasts similar to naive method, while the scaled version

failed to converge to any meaningful results.

For both Light GBM and LSTM scaling the training data resulted in faster

convergence and better performance metric results.

While the range of methods used in this thesis may seem a bit extensive, each
technique contributed to the improved the models’ performance in training
and validation while keeping the machine and deep learning models compa-

rable.

In results it was assumed that more parameters might indicate overfitting,
which is something that is not inherently true as was observed with LSTM
hybrid models profit series aggregated on a trading desk level. This was
mostly true for other results as all the extra variables were augmented from

a single variable, which suggests large multicollinearity between variables.
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This was also mostly true due to the relatively small size (compared to usual

machine or deep learning datasets) of the time series.

It was surprising that machine learning, deep learning and hybrid models
needed refitting once every two weeks in profit series aggregated on all dif-
ferent levels, though this could be due to the nature of the data as banks do

not usually take large risks trading in financial markets.

Profit series aggregated on a trading desk level had the strongest trend for
the whole series, while profit series aggregated on an instrument level had the
most noise out of all the series. It seems logical that the most stable series
had the best performance for most of the models. It also seems logical that
models had great difficulties beating naive method on series with the most

anomalous data.

Most of the noise for all series happened in periods with high volatility in
all of the profit series. This period was between 2021 and 2023, which can
be attributed to unprecedented global events such as COVID-19 pandemic
and Russo-Ukranian war. In my thesis this falls under training folds 3 and
4. This also means that mainly the testing segments 2 and 3 but also testing
segment 4 are most affected by this as these segments use primarily the noisy
data for training. This explains why using either only the last fold of data or
the whole training data resulted in the best performance metrics. This also
indicates that methods, other than LSTM and hybrid LSTM, deployed in
this thesis are very reliable in regular time series forecasting as most of them
managed to produce meaningful results despite large portion of the training

data being anomalous.

In stark contrast to the hypothesis, LSTM and hybrid LSTM models per-
formed the weakest. It is likely this is due to sensitivity of the LSTM method.
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Kandadi and Shankarlingam, 2025 highlight that LSTMs tend to overfit on
scarce training data, which is why in this thesis we could not replicate the
superior performance that Choi, 2018 and Dave et al., 2021 found. While the
training set was similarly sized as in research from Fan et al., 2021, the time
series of oil and gas well production is less noisy compared to financial data,
moreover when that financial series has large portion of data during a pan-
demic and war. It could be interesting to see whether the LSTM and hybrid
LSTM performance improves if there are more observations from intraday
timestamps. It could also be interesting to compare machine learning, deep
learning and hybrid models that are modeled using in addition to augmented
variables non-augmented variables from market data (for example aggregated

cost of carry).

While hybrid XGBoost had excellent performance profit series aggregated on
a trading desk level, I would say that overall, XGBoost and it is hybrid models
were the worst models in the thesis as they were virtually meaningless -
excluding the one hybrid model, XGBoost models forecasted exactly the same
as naive method did. For this reason I would recommend using Light GBM
instead of XGBoost for any future rolling forecasting tasks featuring more

complex relations in time series.

Overall the best method was the traditional SARIMA, due to best overall
consistency between validation and testing results, while having clearly the
best cMASE scores in the first months of the testing period. This could be
improved in the future by implementing anomaly detection, which would
capture shifts in temporal patterns of the time series. Knowing those shifts,
it is possible to know the exact times where models should be retrained for

best forecasting performance over a long period of time.
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6 Conclusions

In this thesis, we have compared the forecasting performance of traditional
time series, machine learning, deep learning and hybrid models on daily bank-
ing profit data in financial markets area aggregated on three different levels

- instrument level, portfolio level and trading desk level.

To evaluate different methods, this thesis uses a novel performance metric
corrected mean average scaled error (c(MASE), which differs from the regular
MASE used with time series by using 71" one-step naive forecasts instead of
T — 1 forecasts proposed by Hyndman and Koehler, 2006. This gives cMASE
better interpretability due to naive method always having performance of
cMASE = 1, which implies that any model with a score under 1 outperforms
the naive method and any model with a score over 1 underperforms the naive
method. This is possible as most time series used in modeling have response

variable values prior to series used in modeling.

Despite advancements in computational power enabling the use of machine
and deep learning models, traditional time series method SARIMA still out-
performed the machine learning, deep learning and hybrid methods. SARIMA
showed most consistent results between average cross-validation cMASE and
testing cMASE. SARIMA is also prefered due to it’s better interpretability

and smaller computing cost.

Contrary to the initial hypothesis, hybrid ARIMA-LSTM models did not
outperform other methods. This was likely due to the sensitivity of LSTM
models to relatively scarce and noisy data. The main limitation of this thesis
is large portion of the financial data used in training being littered with
noise that stems most likely stemming from COVID-19 pandemic and Russo-

Ukranian war. This meant that the models performed best on testing set by
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either using only training data after the impact of these events or by also

using enough training data from before these events to drown out the noise.

Another limitation for this thesis is the long testing period, which resulted
in fairly average final performance metrics. Due to the nature of shifting
temporal patterns in time series with financial data, the best performing

models only performed exceptionally well during first 2-4 months of testing.

The most effective hybrid models were SARIMA - gradient boosting models,
where gradient boosting methods complemented SARIMA. This means that
SARIMA used recent history for forecasting, which was complemented by
gradient boosting methods correcting this forecast by providing context using

large lags, rolling means and standard deviations.

While SARIMA models needed refitting after every forecast, machine learn-
ing, deep learning and non-linear part of hybrid models performed better
when they were refit on average only once every two weeks, which also re-

duced overall computing cost significantly.

This thesis also confirmed the importance of scaling, which had mixed results
with different models. For Light GBM and LSTM scaling improved conver-
gence and performance, while for XGBoost it impaired both convergence and
performance by a sizeable margin. Overall XGBoost performed poorly with
time series data, which is why the author suggests using Light GBM instead

as the gradient boosting method for time series forecasting.

This thesis achieved the task of creating a flexible modular framework for
any future time series forecasting. This framework will be improved in the
future by adding anomaly detection to characterize the shifts in temporal
patterns and adding an option to use non-augmented variables for machine

learning, deep learning and hybrid methods.
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