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Abstract

Title: Predicting price trends of digital products using various forecasting techniques: On the
example of the Steam Community Market

Author: Matthias Roth

The gaming industry has experienced steady growth over the years, contributing to its
increasing commercialisation. One factor adding to this trend is the growing popularity of
online marketplaces for in-game items, some of which are traded using real-world currencies
and considered by a growing amount of young people as some new asset class. This study
addresses the question of price predictability for these items, as the efficient market hypothesis
posits that it is impossible to consistently predict future prices based on past prices. While this
topic has been extensively discussed in the literature for classical financial time series

forecasting, it has not yet been explored in the context of in-game item marketplaces.

This study used data from the Steam Community Market to investigate the predictability of in-
game item prices in the context of online marketplaces. Multiple linear and non-linear
forecasting models are applied to the data. This study shows that the price is predictable to some
degree for many items, although the improvement is small compared to the naive benchmark.
Specially, linear models showed auspicious results for stationary data and short-term
predictions, while non-linear models rarely delivered a strong performance. These findings

suggest that forecasting digital items may be as challenging as forecasting traditional assets.

Keywords: Steam Community Market, digital products, machine learning, efficient market
hypothesis



Abstract Portuguese

Title: Predicting price trends of digital products using various forecasting techniques: On the
example of the Steam Community Market

Author: Matthias Roth

A industria do jogo tem verificado um crescimento constante ao longo dos anos, contribuindo
para a sua crescente comercializacdo. Um fator que contribui para esta tendéncia € a crescente
popularidade dos mercados online para artigos dentro do jogo, alguns dos quais sdo
comercializados utilizando moedas do mundo real e considerados por uma quantidade crescente
de jovens como uma espécie de nova classe de ativos. Este estudo aborda a questdo da
previsibilidade de pregos para estes itens, uma vez que a hipdtese de mercado eficiente postula
que ¢ impossivel prever de forma consistente os pregos futuros com base nos pregos do passado.
Embora este topico tenha sido amplamente discutido na literatura para a previsao classica de
séries cronoldgicas financeiras, ainda ndo foi explorado no contexto dos mercados de itens
dentro do jogo. Este estudo utilizou dados Steam Community Market para investigar a
previsibilidade dos pregos dos itens no contexto dos mercados online. Modelos multiplos de
previsao linear e nao-linear sdo aplicados aos dados. Este estudo mostra que o preco € previsivel
até certo ponto para muitos itens, embora a melhoria seja pequena em comparagdo com a
referéncia naive. Especialmente os modelos lineares mostraram resultados auspiciosos para
dados estacionarios e previsdes a curto prazo, enquanto os modelos ndo lineares raramente
proporcionaram um forte desempenho. Estes resultados sugerem que a previsao de itens digitais

pode ser tdo desafiante como a previsdo de bens tradicionais.

Keywords: Steam Community Market, digital products, machine learning, efficient market
hypothesis
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1. Introduction

The efficient market hypothesis (EMH) (Malkiel & Fama, 1970) proposes that prices of
financial assets reflect all available information, making it impossible to consistently earn
abnormal returns by applying linear and non-linear forecasting techniques. While the EMH has
been extensively studied in the context of traditional financial markets, its relevance to digital
marketplaces remains unclear. Marketplaces that use a bid/ask mechanism, similar to e.g., a
stock exchange, exist for physical products like sneakers (StockX, 2022) but are especially
popular for digital products like Non-Fungible Token (NFT) (OpenSea, 2022) or items that are
used in video games, so-called in-game items. In particular, it has yet to be studied whether

future prices in these marketplaces are predictable, thus violating the EMH.

In this study, I focus on whether the prices of these in-game items listed on marketplaces are
predictable and whether the EMH can be applied in this context. Additionally, I consider several
state-of-the-art forecasting models and explore whether any of them is particularly well suited

for predictions in this context.

Specifically, first I collect data from the Steam Community Market (Steam, 2022¢) and focus
on their most popular game “Counter-Strike: Global Offensive” (Steam, 2022a). The dataset
contains the daily average sales price and volume per item since they got listed on the
marketplace. In total, I obtained the historical price history of 17319 items. As the gaming
market continuously grows (Newzoo, 2022), contributing to its increasing commercialisation
(Brame, 2021), the popularity of online marketplaces for in-game items is expanding likewise.
Some of these are traded using real-world currencies and are considered by a growing amount
of young people as some new asset class (Cleghorn & Griftiths, 2015; Hamari et al., 2017), for

which gaining insights could potentially benefit players, traders, or investors financially.

Then I analyse these data based on univariate time series forecasting using the price variable.
The forecasting methods are, on the one hand, linear models like the simple exponential
smoothing (SES; for the details on this model refer to section 2.3.2) and AutoRegressive
Integrated Moving Average (ARIMA; for the details on this model refer to section 2.3.3) model
and, on the other hand, non-linear models from the recurrent neural network class. To measure
the performance of each model, a naive model is used as a benchmark, as it would, in theory,
deliver the best results if the time series followed the EMH. Additionally, the two error metrics
Symmetric Mean Absolute Percentage Error (sSMAPE) and Geometric Mean Relative Absolute
Error (GMRAE), deliver further insights into the accuracy of the forecasts.



The study’s results show that the future price of in-game items is predictable to some degree
for many items, although the improvement in prediction accuracy is small compared to the
naive benchmark. Yet, the naive model still produced better forecasting results in
approximately 40% of the time series for linear models and approximately 60% for non-linear
models when compared directly to each of them, as presented in Figure 1 (orange bars).
Additionally, when all models were compared against each other at once, the naive model
delivered the best results most frequently (approximately 26%; blue bars). Nevertheless, this
also shows that approximately 75% of the studied time series are predictable if the right model

is used, which is proving to be a challenge.
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Figure 1: Number of times a model performs as the best. The plot shows the absolute
number on the y-axis and the relative value on top of the bars.

However, simple methods were particularly effective in stationary data and predicting short-
term horizons. Non-linear models performed worse than linear models in this study and only
outperformed the naive benchmark in a few evaluation points, with the basic RNN as the

consistently best model. The most positive insights regarding the performance of non-linear
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models are that their median sSMAPE for stationary data is mostly better than the benchmark
and their relative performances improve drastically for longer prediction horizons, as shown

exemplarily for the median GMRAE in Figure 2.

Finally, it can be concluded that forecasting the time series of in-game items is a very
challenging and complex task, similar to other financial time series forecasting fields. However,

this study delivers some support for the critics of the efficient market hypothesis.
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Figure 2: Median GMRAE metric over the time horizon per model

The following chapter provides background information and context for the present study.
Specifically, it will detail the gaming market and relevant marketplaces, such as the Steam
Community Market and introduce Counter-Strike: Global Offensive. Additionally, a review of
related research on general time series forecasting and financial time series forecasting will be
presented, followed by a review of the prediction models, accuracy evaluation measurements,
and other methods used in the analysis. The follow-up chapter will outline the dataset, model
settings, and evaluation procedures utilised in this study. In the next chapter, the study results

will be presented in terms of a general evaluation, an evaluation based on stationarity, and an



analysis based on different time horizons. Finally, the last chapters will provide a conclusion

followed by a discussion of the study's limitations and potential directions for future research.

2. Background

This chapter starts with a background section that provides context for the study. The first part
covers the gaming industry, digital marketplaces, and the Steam marketplace, with a brief
overview of Counter-Strike: Global Offensive and the rationale for focusing on this specific
game. It also includes statistics on player count and daily trading volume. The second part
briefly introduces time series forecasting and highlights major developments in this field. The
focus then shifts to financial time series forecasting, introducing the efficient market hypothesis
and discussing relevant research and developments in the field. The following part explains the
basic theory behind the linear and non-linear models and the stationarity testing method used
in this study. The final section is focused on accuracy evaluation, where different forecasting

strategies are assessed, and two error metrics are presented.

2.1 Context

The gaming industry has experienced significant growth and popularity in recent years, with
3.2 billion video game players worldwide, and the global market is expected to reach $196.8
billion in revenue in 2022 (Newzoo, 2022).

Marketplaces like Steam have gained considerable popularity and become major gaming
industry revenue sources. Steam is an online platform developed by Valve Corporation that
allows users to purchase and download games and participate in a social network for gamers.
According to Steam's data, as of December 2022, the platform had a daily peak concurrent
player count of around 30 million players (Steam, 2022b). In addition to selling games, Steam

also allows users to sell in-game items through its community marketplace.

The Steam Community Market is an online platform that allows users of the Steam gaming
platform to buy and sell virtual items, such as in-game items, trading cards, and emoticons.
Players have obtained these items by playing games on Steam or purchasing them from other
users. The market operates on a listing and bidding system, like other online marketplaces or
traditional financial systems like stock markets, in which users can list items for sale, and buyers

can place bids on items they wish to purchase (Steam Support, 2022).



Items listed on the market are typically priced in a real-world currency, such as Euros, and
transactions are facilitated through the Steam Wallet. However, money on the Steam Wallet

can only be spent on the Steam platform and cannot exit that system (Steam Support, 2022).

All in all, the Steam Community Market is a popular destination for gamers looking to buy or
sell virtual items, as it provides a convenient and secure way to transact. It also serves as a
source of revenue for some gamers, who may sell items they have obtained through playing

games to fund their gaming habits or make a profit.

Out of the over 50.000 games listed on Steam (PCGamesN, 2022), Counter-Strike: Global
Offensive (CS:GO henceforth) is currently the most popular game on the platform, with peak
concurrent players of over 1 million in December 2022 (Steam Charts, 2022). This
demonstrates the game’s enduring popularity, which has been a mainstay of the competitive

gaming scene since its release in 2012.

CS:GO, owned by Valve Corporation, is a game where players are divided into two teams of
five and engage in objective-based gameplay. The objective for one team is to eliminate the
opposing team or plant a bomb, while the objective for the other team is to disarm a bomb set
by the first team or eliminate them before the bomb is planted. In addition to its core gameplay,
CS:GO also features a wide range of in-game items, including skins for weapons and characters,
which players can purchase with real money from the Steam Community Market or third-party
websites. Other ways to get skins are by unboxing them through the game's "Case" system,
which requires a bought key to unlock them, or by trading with other players (Steam, 2022a).
Skins are used to customise the appearance of a player's weapons or other equipment displayed

in the game but do not impact gameplay and are purely cosmetic.

These skins have become an integral part of the game and are indispensable. One factor
contributing to the popularity of skins in CS:GO is their integration with fundamental aspects
of the game. The ability to view the painted guns and knives of your in-game model and other
players during gameplay adds a visually appealing aspect to the game. The game also features
a command for inspection animation that allows players to show off their skins as a form of
pride or taunt. Additionally, obtaining and using an opponent's decorated rifle as a visual trophy

adds an extra layer of satisfaction to gameplay (PCGamer, 2015).

Furthermore, the presentation of the gun owner's name in the user interface further enhances
the sense of ownership and personalisation of skins (PCGamer, 2015). These elements have

helped to make skins an integral part of many players' CS:GO experience, and some skins are
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highly sought after. Therefore, some of them are worth a significant amount of money,
depending on their rarity and demand, with prices that can be thousands of Euros. This leads to

some players enjoying collecting and trading them for a hobby or as an asset.

In summary, the Steam Community Market is a widely utilised player-to-player (C2C) market
for buying and selling in-game items for various games. As the top game on the market, CS:GO
also serves as a prime example of activities and dynamics present within this digital market.
The market's popularity, combined with the abundance of items available for CS:GO, makes it

an ideal platform for studying the price development of digital products in my study.

As depicted in Figure 3, there appears to be a correlation between the observed 30-day average
trading volume in millions of Euros in this study’s dataset (represented on the left y-axis in red)
and the average daily player count per month in millions (represented on the right y-axis in
blue) over the illustrated period. The introduction of skins in August 2013 (Counter-Strike Blog,
2013), exactly one year after the game's release, coincides with a significant increase in the
game's popularity, as indicated by the sharp rise in both variables. The graph also shows a
second surge in popularity beginning in 2020, coinciding with the onset of the COVID-19
pandemic. These findings suggest that the introduction of skins and the COVID-19 pandemic

may have contributed to the significant growth in the game's popularity.
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Figure 3: 30-day average trading volume in millions of Euros versus player count in
millions, data: (Steam, 2022c; Steam Charts, 2022)



2.2 Literature Review

2.2.1 Time series forecasting introduction

Forecasting future values of an observed time series is an area of expanding interest crucial to
almost all scientific and technical disciplines, including economics, finance, meteorology, and
communications (Palit & Popovic, 2005). This significance, in combination with an ever-
increasing amount and complexity of available data, calls for forecasting tools that are more
and more reliable, scalable, and, most importantly, accurate. On the one hand, the accuracy of
such methods is also dependent on the forecast horizon as multi-step ahead forecasting
generally leads to an accumulation of errors, growing uncertainty, and therefore lower accuracy
(Crone et al., 2011; Sorjamaa et al., 2007; Tiao & Tsay, 1994). On the other hand, this metric

is also influenced by the dataset used, as randomness varies.

Time series forecasting methods can be divided into linear and non-linear statistical models.
For a long time, ad hoc approaches for different kinds of univariate time series were SES
(Brown & Meyer, 1961; Muth, 1960) and other more complex linear statistical techniques like
ARIMA (Box et al., 1994) models. They significantly impacted the time series forecasting
research during this period (de Gooijer & Hyndman, 2006). Simultaneously, non-linear
methods like the “AutoRegressive Conditional Heteroscedastic” (ARCH) (Engle, 1982) family
were introduced. Over time, machine learning methods, like “Artificial Neural Networks”
(ANN), became increasingly popular as they severely threatened the dominant traditional linear
univariate methods in forecasting competitions (Ahmed et al., 2010; Crone et al., 2011). For
example, in the NN3 competition (SAS & IIF, 2006), traditional models dominated the short-
term forecasting horizon (h=1-3). However, more sophisticated models caught up or even
outperformed them in medium to long-term time horizons (h=4-18) (Crone et al., 2011).
Especially as machine learning models like ANNs are non-linear, they are more precise in
predicting big, noisy, and non-linear time series data with complex relations and patterns (Li &
Ma, 2010). Other machine learning methods like decision-tree-based methods like Gradient

boosting and XGBoost got also introduced gradually.

Deep learning (DL), a type of machine learning, has seen great success in recent years as GPUs'
availability, price, and performance improved tremendously (Jiang, 2021). DL models consist
of multiple ANN layers, which provide a high-level abstraction of the modelling data (LeCun
et al., 2015).



Nowadays, the most common DL method family for time series forecasting is “Recurrent
Neural Network™ (RNN). These models have a feedback loop, contrary to ANNs, which have
a forward connection. However, RNNs are still not generally better than traditional models,
which also always have the advantage of using less computational power and are more

beginner-friendly (Hewamalage et al., 2021).

2.2.2 Financial time series forecasting

Financial time series forecasting is a highly attractive but challenging research area, as
demonstrated by the enduring debate surrounding the efficient market hypothesis (EMH)
(Malkiel & Fama, 1970).

The EMH (Malkiel & Fama, 1970) is a theoretical framework that describes how financial
markets operate. It is based on the idea that the prices of assets in financial markets reflect all
available information. Therefore, it is impossible to systematically outperform the market by

using past or current prices as a basis for investment decisions.

In other words, the efficient market hypothesis suggests that financial markets are highly
efficient in incorporating new information into asset prices. It is difficult or impossible to gain
an advantage by analysing past or current prices (Malkiel & Fama, 1970). One implication of
the EMH is that asset prices would follow a random walk, which shows the unpredictable nature
of asset price movements (Fama, 1995). While the efficient market hypothesis has been widely
accepted and studied in the field of finance, it has also been the subject of significant debate
and criticism. The number of studies that offer evidence in opposition to what the efficient
market hypothesis and random walk hypotheses indicate is growing, as they provide evidence
that, for example, the stock market is predictable to some degree (Atsalakis & Valavanis, 2009;

Malkiel, 2003; Nofsinger, 2005).

Nevertheless, the prediction of financial time series is very challenging due to its chaotic, non-
stationary, noisy nature (Abu-Mostafa & Atiya, 1996; Swanson & White, 1997). The term
“noise” refers to information that is not relevant or significant for a particular model. More
specifically, it often refers to the lack of complete data from past financial market activity
necessary to accurately reflect the relationship between future and previous prices. The “non-
stationary” means that the financial time series' distribution is altering over time. “Chaotic”
refers to financial time series that are long-term deterministic but short-term unpredictable (Tay

& Cao, 2001).



There is a wealth of research on financial time-series prediction on many different assets using
different methods, from linear to non-linear techniques, to challenge this problem. Other
reasons for this large number of research are, among other things: financial motives and the
large amount of data to experiment, train, and test with. Datasets used in these studies vary a
lot as underlying assets, time frames, predicting horizon, and the models, even model settings,

compared against each other change from study to study.

Generally, previous research on financial issues points out that a significant number of study
outcomes revealed that the accuracy of non-linear approaches is superior to that of traditional
linear and statistical methods (Bahrammirzaee, 2010; Stock & Watson, 1998; Zhang, 2003).
Methods based on ANN layers are the most used non-linear technique (Gandhmal & Kumar,
2019) as it has a data-driven approach. The model specifies itself based on the given data and
suits the characteristics mentioned above of financial time series well. This automatic
specification makes ANNSs less prone to the issue of model formation. Additionally, the ability
to learn complex patterns makes it more noise resilient and retrainable as it can adapt to new
patterns (Tay & Cao, 2001). On the contrary, linear models like ARIMA assume a linear

relationship in the data (Zhang, 2003), which makes financial time series harder to predict.

With the recent general advances and successes in DL, current research in financial time series
forecasting is mainly based on these methods. Around 50% of the DL studies use RNN-based
models, ~20% Deep Multilayer Perceptron (DMLP)-based models, and ~15% Convolutional
Neural Network (CNN)-based models as their primary or benchmark method. Out of RNN-
based methods, Long Short-Term Memory (LSTM; for the details on this model, refer to section
2.3.5) dominates as they make up 60% due to their relatively simple model-building steps.
Vanilla RNN follows with a share of ~30% and Gated Recurrent Unit (GRU; for the details on
this model, refer to section 2.3.6) with ~10 %. The most frequently studied subgroup of
financial time series price forecasting is, by far, stock price forecasting, followed by index
forecasting (Sezer et al., 2020). Due to the previously mentioned difference in the setups of
published studies, it is difficult to make consolidated conclusions. LSTM seems to be the most
competitive DL method and better than ANN (Nabipour et al., 2020; Sethia & Raut, 2019).
XGBoost and Adaboost are the most accurate decision tree methods, which are also better than

ANN (Jabeur et al., 2021; Nabipour et al., 2020).

Overall, the literature suggests that there is no one-size-fits-all approach to financial time series

prediction and that the choice of method will depend on the specific context and data available.



There are no published studies of price forecasting of digital products like in-game items in the
examined literature. Therefore, this study aims to answer whether their price movements are
predictable. Furthermore, studying some models' performance makes it intriguing to determine
the most precise method. A naive model will be used as a baseline to determine predictability
and as a performance comparison for other models. More precisely, it is compared against the

linear models SES and ARIMA and the non-linear models LSTM, RNN, and GRU.

2.3 Brief review of prediction models and other methods

2.3.1 Naive model

The naive model is often used as the baseline model as it would, in expectation, outperform
other models if the time series were a random walk process. It is a simple method that forecasts
the value of the n data point in a time series as the current value. The model can be summarised

as follows:

Ver1 = Vi
With y, as the value y in the current period t and y;;7 the predicted value for the next period

t+ 1.

2.3.2 Simple exponential smoothing
The simple exponential smoothing (SES) approach uses little computational power and bases

his forecast on prior time steps that are exponentially weighted and, in the end, combined:

Jeor = ayp+a(l—a)y +a(l = a)?yep + -+ a(l — )y,
In the above equation y; is the value y in the current period t. Therefore, y;,4 is the predicted
value for the next period ¢+ 1 and is a weighted moving average of the considered
observations. Furthermore, y;_j is the know past value of period t — k (the current period t
minus the backwards looking periods k). Finally, a is the smoothing coefficient that gives the
rate of weight decay (Brown & Meyer, 1961). The weights a, a(1 — a)* of each data point
decline exponentially as we move backwards in the time series, resulting in an ever-smaller

influence on the outcome value (Ostertagova & Ostertag, 2011).

2.3.3 Auto-Regressive Integrated Moving Average

An ARIMA model is a statistical model commonly used in time series analysis to forecast future
data points of a time series based on its past values. Generally, it is a type of linear regression
model that incorporates the concepts of autocorrelation and stationarity. An ARIMA model

uses these concepts to account for the dependencies and trends in a time series and to forecast
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future values based on the data. To create an ARIMA model, a time series is first differenced
to remove any non-stationarity, afterwards, the autocorrelations and partial autocorrelations of
the differenced time series are analysed. The results of this analysis determine the appropriate
values for the parameters of the ARIMA model. The default notation of ARIMA is (p,d,q)
together with its seasonal parts (P,D,Q) (Box et al., 1994) and consists of the following parts:

Ve =01Ve-1+ -+ OpYip + Y1Vem + -+ PpYi—pm +
N J L J
Y

Non-seasonal AR part Seasonal AR part

91Et_1 + .-+ Hth_q + Elet_m + .-+ EQEt—Q? + €

Non-seasonal MA part ~ Seasonal MA part

With y, as the forecasting value, the two seasonal and non-seasonal AutoRegressive parts, the

two seasonal and non-seasonal Moving Average parts and €, as the noise.

2.3.4 Recurrent Neural Network

A recurrent neural network (RNN) is a type of ANN specifically designed to process sequential
data. Unlike a traditional feedforward neural network, which maps fixed-sized inputs to fixed-
sized outputs, an RNN can process data of varying lengths and produce outputs of varying
lengths. RNNs are composed of units called cells, which have internal states that allow them to
retain information from previous inputs in the sequence. This allows an RNN to process data
sequentially as it captures long-term dependencies, making it well-suited for time series

forecasting tasks (Connor et al., 1994).

An RNN layer comprises one or more "cells" that are organised into a sequence. As shown in
Figure 4, each cell has a set of weights and biases that are used to make predictions based on
the input data and the previous cell's output. The output of each cell is passed as input to the
next cell in the sequence, allowing the network to process the input data one step at a time

(Elman, 1990; Williams & Zipser, 1989).
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Figure 4: RNN cell structure, graphic from: (dProgrammer lopez, 2020)

2.3.5 Long Short-Term Memory

LSTM network (Hochreiter & Schmidhuber, 1997) is a type of RNN developed to tackle the
vanishing gradient problem that occurs in RNN for long-term predictions. Instead of using
hidden layers like RNN, LSTM contains cells to store long and short-term data of a sequential
data set. Especially significant is the cell state (C) that stores the necessary information over a
long duration and is, therefore, the main advantage to RNN. Figure 5 shows the architecture of
a basic LSTM unit. In the input gate, new information (X;) is fed and combined with the output
of the previous block (H;_4). Generally, sigmoid layers (¢) decide how much information is
passed by using values between zero and one. The cell state (C) is the memory of the whole
network and uses gates to remove, with the help of a forget gate layer, or add, with new vectors
generated by a tanh layer (tanh), information. Finally, the output gate (H;) gives out the

generated information.
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Input (%)

Figure 5: LSTM cell structure (Hochreiter & Schmidhuber, 1997) , graphic from: (Murat
Ozbayoglu et al., 2020)
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2.3.6 Gated Recurrent Unit

A Gated Recurrent Unit (GRU) (Chung et al., 2014) is a type of recurrent neural network
designed to reduce the amount of computation required during training while still allowing the
network to capture long-term dependencies in the data. This makes it an effective alternative to
other types of RNNs, such as LSTMs. Compared to LSTM, the GRU does not have an output
gate. Figure 6 shows that it has an update gate and a reset gate. These gates are vectors that
determine which information from the input should be passed to the network's output. In this
way, the update and reset gates help the GRU to efficiently capture long-term dependencies in
the data (Yamak et al., 2019).

o /

x.: input vector

h;: hidden layer vector

r;: reset gate

z,: update gate

h,: activation candidate

o, tanh: activation functions

-

Xt

Figure 6: GRU cell structure, graphic from: (dProgrammer lopez, 2020)

2.3.7 Stationarity testing
In this study, the forecasting abilities of several prediction methods are also compared for

different time series structures, more precisely, their stationarity. To distinguish the underlying

time series structures, the Augmented Dickey-Fuller test is applied.

The Augmented Dickey-Fuller (ADF) test is a statistical test to check the stationarity of the
time series. It is a type of unit root test, which means it is used to determine whether a time
series exhibits a unit root, a feature that indicates the presence of a trend in the data. The test is
based on a linear regression model with lagged time series values as independent variables.
According to the null hypothesis of the ADF test, the time series has a unit root, which means
it is non-stationary and has a trend. The alternative hypothesis is that the time series is

stationary, which means it does not have a trend (Dickey & Fuller, 2012).

2.4 Accuracy evaluation

2.4.1 Forecasting strategies
Forecasting tasks are, in most cases, challenges that predict not only one but multiple data points

into the future, so-called multi-step-ahead forecasting. There are multiple strategies to tackle
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this problem, the most notable four are: the recursive strategy, direct strategy, DiRec strategy,

and multi-input multi-output strategy (MIMO).

The recursive strategy involves making a series of one-step-ahead forecasts by using the
prediction from the previous time step as input for the next prediction. Another technique is the
direct strategy, which involves using separate models to make predictions for each time step of
the forecasting horizon. A third technique, the DiRec strategy, merges elements of both
previously mentioned strategies. The output of each model for each step is the basis of the next
consecutive model. These techniques are all designed to produce a scalar value for a single

forecasting point in the prediction timeframe (Xiong et al., 2013).

The last method, the Multiple-Input Multiple-Output (MIMO) strategy, however, forecasts a
vector of future values rather than a single scalar quantity. This approach, which involves using
a single multiple-output model, has the advantage of preserving the temporal dependencies
within the predicted timeframe, unlike the direct strategy, which relies on multiple models to
estimate each individual future value (Bontempi et al., 2013). Multiple studies compared these
methods against each other and concluded that the MIMO strategy delivers the highest quality
results among them (Bao et al., 2014; Taieb et al., 2012; Xiong et al., 2013). The major
disadvantage of the recursive and DiRec strategies is their reliance on the prediction for the
current time period being based on the previous time period. This can lead to a compounding
of errors, resulting in decreased accuracy and reliability compared to the MIMO strategy. In
particular, this issue becomes more significant for more extended time horizons or when the

time series exhibits complex patterns or trends (Bao et al., 2014; Taieb et al., 2012; Xiong et

al., 2013).

2.4.2 Performance measurements

The performance of the studied models is evaluated based on two different methods. The first
one is the symmetric mean absolute percentage error (SMAPE) used by many other studies and
forecast competitions. It is calculated as the average of the absolute percentage errors of the

forecast and the actual value. SMAPE is denoted as follows (Shcherbakov & Tyukov, 2013):

100% o |Fy — Yy
H k=1(|Yk|+ |Fi)/2

SMAPE =

With Fy being the forecast, V) the actual value, H the sample size, and the output as percentage

value between 0% and 200%.
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The main advantage of SMAPE compared to mean absolute percentage error (MAPE) is that
due to its symmetric nature, it treats the forecast and the actual value equally, regardless of
which is larger. This avoids bias that may appear while handling values of different magnitudes

(Goodwin & Lawton, 1999).

Furthermore, as SMAPE is calculated as the average of the absolute percentage errors rather
than the absolute percentage error itself, it is less affected by outliers or extreme values in the

data than MAPE. (Armstrong & Collopy, 1992).

Nevertheless, SMAPE also has shortcomings due to its symmetric measure. Mainly, it does not
consider the direction of the error (i.e., whether the forecast is over or under the actual value)
and exhibits instability when the true values of the data are close to zero. This instability can
cause the SMAPE to produce unreliable results and should be considered when using this
measure (Hyndman & Koehler, 2006). This study is not heavily affected by the second point as
all time series have a minimum average price of around 5.5 Euros, as presented in the upcoming
Chapter 3.2. Furthermore, another limitation is the interpretability, as it is not straightforward

to compare the symmetric error (Armstrong & Collopy, 1992).

To tackle these issues, a second error metric is needed. Another way to ensure that the scale of
the data does not influence accuracy measures is to use relative errors based on the errors
generated by a benchmark method, such as the naive method. Two commonly employed
measures of this type are the mean relative absolute error (MRAE) and the geometric mean
relative absolute error (GMRAE). It is generally accepted that the geometric mean is a more
suitable measure for averaging relative quantities than the arithmetic mean. As a result,
GMRAE is often preferred for this purpose (Armstrong & Collopy, 1992; Fildes, 1992) and is
also applied in this study. It is defined as follows (Chen et al., 2017):

n N
GMRAE — 1—[( ye — il )
el lye = Vel

Where n are the observations, y, the observation at time t, y; the forecast at time t, y,_; the
benchmark forecast at time t. A GMRAE value above 1 indicates that the reference method
performs better. In contrast, a value below 1 indicates that the forecast produced by the model
in question is superior. However, it has been noted that the GMRAE is still sensitive to outliers

(Chen et al., 2017). It can be significantly impacted by either a single large outlier or a very
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small error close to zero due to the lack of an upper or lower bound on the log-scaled error
ratios calculated by the GMRAE. This can result in large values being returned if the error of

the benchmark method is zero.

3. Data and models

In this chapter, the first section describes and visualises the dataset and its source. The dataset
was then clustered in this study, with the clustering process and results explained in the
subsequent section. The following section describes the data split method, afterwards, the
model settings are presented. Finally, the evaluation procedure is explained in a detailed

fashion.

3.1 Dataset description

This study is based on a dataset from the Steam Community Market with an example overview
shown in Figure 7. The data records the average price and daily traded volume for CS:GO in-
game items and was obtained through API connections listed in this website's HTML source

code.

.‘. Install Steam login

STORE COMMUNITY ABOUT SUPPORT

Community Market
Buy and s vith community members for Steam Wallet funds
My Active Listings (©)

Login to see, edit, or remove yo

Popular Iltems Newly Listed Recently Sold Read about security requirements
NAME PRICE

Recoil Case Staring 3
Counter-Strike: Global Offe $0.66 USD Show advanced options...

Clutch Case

S[I .3[] ﬂSD @ Counter-Strike: Global Offensive

Figure 7: Steam Community Market landing page, from (Steam, 2022c)
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The data acquisition process consists of two parts. First, a "search" request is utilised to obtain
the names and basic information, such as the current price, of all items on the Community
market for a particular game. Secondly, a "price history" search was performed on a single item
at a time to obtain more detailed history price information. The data is gathered using Python’s
“requests” package to obtain the API data. Steam limits the number of items returned in a single
request to 100, so multiple requests are necessary to retrieve all item names. In total, 17319
item names are collected in this process. For each item, a large amount of price history data is
gathered. The data includes three variables, the average sale price and sales volume for each
day the item has been available for sale and is being sold on the market and the corresponding
date. Days without a sale for a specific item are not being registered. The price data is given in
Euros, and to avoid confusion in the further course of this study, the variable "average daily

sale price" is called "price".

The dataset ranges from 26.04.2013 to 31.08.2022 and consists of 23.414.201 observations.
The minimum price is 0.03 Euros and the highest price is 2545 Euros. Regarding volume, the

minimum is 1 with the maximum being 964250 per day.

Figure 8 shows the number of items in the dataset on the y-axis and the date in the form of the
year on the x-axis with the intention of comparing the total number of available items over time
to the number of actual traded items per day. Over the observation time span, more and more
items are added to the game in a steady growth. However, the slope of traded individual items
per day is not quite as steep. This means more and more products on the marketplace are not

traded daily and therefore are more illiquid.

17500 g Number of daily traded items
== Number of listed items
15000

12500
10000

7500

Number of items
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0

2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

Figure 8: Total amount of items listed versus daily traded items, data (Steam, 2022c)
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The following Figure 9 also supports this conclusion. It shows on the x-axis the volume per
observation, and on the y-axis the days a product is listed on the market. When an item is
brought into the game, it often starts with a higher trading volume and keeps this level before
it levels off the longer it is in the game. One of the reasons for this is that in-game items are

getting dropped less and less the longer in the game (CSGOSKINS.GG, 2022).
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Figure 9: Daily volume in relation to days since the product was introduced in the game,
data (Steam, 2022c)

Another takeaway from Figure 9 above is that the dataset contains time series with all kinds of
different lengths. In fact, there are only a few sale data points for some products. However,
some of the prediction models and applied techniques used in this study, presented in chapter
3.4, need a certain amount of data points to work. For this reason, the dataset is reduced to time

series with more than 100 observations, which reduces the number of items to 16623.

3.2 Data clustering

Chapter 3.1 showcases the study's large data set with 16623 time series after cleaning and
filtering. Due to this immense amount of data, clustering is an excellent strategy to further
understand the dataset and group items into clusters based on similarity. Another objective is
to select a cluster to focus on, as my computational power is limited, and the machine learning

methods applied in this study require a lot of resources.
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One of the most widely-used algorithms for this task is K-means clustering due to its simplicity
(Jain & Dubes, 1988). The K-Means algorithm is a clustering method that aims to separate a
given dataset into a specified number of clusters by minimising the sum of within-cluster
variance, also known as inertia. This algorithm handles large datasets efficiently. The algorithm
works by selecting a predetermined number of clusters, k, first and then iteratively assigning
each element to the cluster with the closest mean or centroid. The centroid of a cluster is the
average of all its data points and is updated at each iteration to reflect the current assignments
of data points to the cluster. The algorithm continues to iterate and update the cluster
assignments and centroids until the assignments stabilise and no further improvements can be
made (Pedregosa et al., 2011). It is important to note that the number of clusters must be
specified prior to running the K-Means algorithm, and this limitation can be challenging to

determine in practice.

The simplest and oldest technique to tackle this problem is the elbow method. It is a visual
method for determining a dataset’s optimal number of clusters. It involves iteratively increasing
the number of clusters, starting at 2, and calculating the cost of training the model with each
step. The optimal number of clusters is determined by identifying the point at which the cost
decreases rapidly, followed by a plateau. This is known as the "elbow" of the curve. The
rationale behind this method is that adding additional clusters beyond the elbow point does not
significantly decrease the cost and may lead to overfitting. Therefore, the optimal number of

clusters is often identified at the elbow point (Makwana et al., 2013).

Before applying K-Means clustering and the elbow method, each time series of the dataset
presented in chapter 3.1 needs to be summarised. This extension also provides a dataset with

additional variables for the algorithm to calculate with. Table 1 lists and explains each of the

variables.
Variable name Explanation
Price Maximum The maximum price of a particular time series
Price Minimum The minimum price of a particular time series
Price Average The average price of a particular time series
Volume Maximum The maximum volume of a particular time series
Volume Minimum The minimum volume of a particular time series
Volume Average The average volume of a particular time series
Length The number of days the product got traded

Table 1: Overview of the variables used for the K-Means algorithm
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The new dataset is visualised in Figure 10. The data of most of the first six variables are heavily
skewed towards one axis and do not follow a Gaussian Distribution. Furthermore, these
variables have extreme outliers. The data is being normalised to correct for these two aspects
as it does not affect the K-Means algorithms where no assumptions about the distribution are

needed (Visalakshi & Kuttiyannan, 2009).

R 14000
5000 BN Maximum Price B Minimum Price
12000
4000
10000
< 3000 + 300
3 2
o
] O 5000
2000
4000
1000
000
o
0to5 5t0l0  10to50 50to 100 100 to 1000 1000 to 2240 0w5 5t010  10to50  50t0100 100 to 10031000 to 1268
Maximum Price Minimum Price
10000 B Average Price H Maximum Volume
G000
8000 5000
4 4000
T eo00 c
= =
[=] Q
L] J 3000
4000
2000
2000 1000
]
Dto5 Sto10  10t050 50to 100 100 to 1000 1000 to 1748 Dtos 510  10to50 50t 100 100 to 1000000 to 964250
Average Price Maximum Volume
E Minimum Volume 000 EEE Average Volume
4000
"E "E 3000
=
3 3
o o]
2000
1000
o
0tos 5to 10 10 to 50 50to 100 100 to 10001000 to 37273 Oto5 5to 10 10to 50 50 to 100 100 to 10001000 to 78887
Minimum Volume Average Volume
5000 EE Days listed on market
4000
3000

Count

2000

1000

100t0500  500to 1000 1000 to 2000 2000 to 2500 2500 to 3306
Days listed on market

Figure 10: Distribution of the values of the variables used for the K-Means algorithm
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The normalised data is fed into the algorithm. The aforementioned elbow method, with cluster

sizes between two and twenty is tried to get more insights about the cluster size.

The outcome of applying the elbow method to this dataset is shown in Figure 11. The added
circle is the area where the optimal number of clusters lies. Due to an immense dataset and the
mentioned limitation of computing power, the cluster size of five, at the upper end of the

number of needed clusters, is defined.
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Figure 11: Outcome of the elbow method

The results of the K-Means clustering are listed in Table 2. The algorithm divided the dataset
into five groups with different sizes. Cluster zero has the most items with almost half of the
dataset. The rest is split into the other four groups, with group two being the smallest and group
three the biggest. As the goal is to find a cluster worth studying concerning the earlier
mentioned trading and investing focus, prices and volume are essential. Groups zero, one, and
three have low-priced items, with the lowest maximum price of all assigned time series of under
ten cents. The lowest maximum price for clusters two and four is way higher at 115 euros and

30 euros each.
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Regarding the highest maximum price, the groups are split into two subgroups with one, two,
and four on one side and zero and three on the other side, with each similar price. Group two is
clearly standing out in terms of its average of the maximum, minimum, and mean prices of
approximately 760 euros, 94 euros, and 280 Euros, respectively. Group four is the closest, with
around half of the prices. The most significant difference between clusters two and four in terms
of price is the minimum average price, where cluster two stands out with a nearly ten times
higher price. There is also a clear picture regarding the trading volume as the clusters with
higher prices are traded less frequently. In contrast to the price variables, these two have similar
characteristics when it comes to volume. Group two stands out regarding the number of traded

days for each product, as it has the lowest mean by far.

In conclusion, group two consists of items with the highest prices and the lowest volume and
are most comparable with group four, and the difference in volume is negligible. A cluster with
a lower number of items is preferred due to the mentioned componential limitations. It should
also have a relatively high price as the error metrics used in this study are potentially sensitive
to small numbers. Therefore, cluster two is the one being closely examined in the further course

of this study.

Number of Maximum Price Minimum Price
Cluster items min max average min max average
0 8009 0.09 829.97 63.58 0.03 134.6 4.26
1 2916 0.03 2022.2 20.64 0.03 188.7 0.85
2 944 115.19 2239.8 758.95 0.03 1267.91 94.16
3 3178 0.1 804.73 18.87 0.03 114.98 0.99
4 1576 30.08 2182.37 378.76 0.03 302.47 32.2
Average Price Maximum Volume Minimum Volume
Cluster min max average min max average min max average
0 0.03 343.43 15.18 3 1198 200.86 1 101 3.36
1 0.03 247.98 3.25 161 964250 11467.62 1 37273 101.83
2 5.79 1748.48 279.06 1 781 17.39 1 15 1.02
3 0.03 159.78 3.21 47 4267 1017.76 1 304 13.61
4 0.67 755.59 129.24 2 499 19.91 1 41 1.09
Average Volume Days listed on market
Cluster min max average min max average
1] 1.06 400.02 27.24 103 3305 1757.66
1 7.5 78886.69 807.36 106 3305 1079.02
2 1 33.66 1.8 101 1768 320.14
3 2.81 1084.72 108.27 106 3306 1463.74
4 1.03 78.65 2.76 106 3102 761.69

Table 2: Results of the K-Means clustering
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3.3 Dataset split

In developing a machine learning model, it is standard practice to divide the available time
series data for each item into distinct portions for training and testing. This allows for a thorough
assessment of the model's performance and ability to generalise to new, unseen data.
Specifically, the training portion of the dataset is used to fit the model, and the testing set is
used to evaluate the fully-trained model's ability to make accurate predictions on data that it has
not seen during the training process. This multi-faceted data division approach helps ensure that

the resulting model is effective and reliable.

The training process for linear and non-linear models differs significantly, which impacts how
the time series data is divided for the development of each model. Linear models rely on a linear
combination of input features to make predictions, while non-linear models, such as neural
networks, apply non-linear transformations to the input data. As a result, the training process
for these models involves different optimization algorithms and requires different amounts of

data.

Considering these differences, the time series data must be divided differently to develop linear
and non-linear models. While both types of models typically require a training set and a testing
set to evaluate the model's performance on unseen data, non-linear models also benefit from an

additional validation set to fine-tune the model's hyperparameters.

In all cases, the test set for each model and item consists of the final 30 observations, equivalent
to the forecast horizon. The training set for linear models includes the remaining portion of the
time series. As a result, the size of the training set may vary based on the specific total length

of each dataset.

For non-linear models, the “sliding window technique” (Vafaeipour et al., 2014) is applied,
which divides the whole training set into multiple training and evaluation sets. This technique
involves specifying a window size for the training horizon and a step size. The step size
determines how far the window moves along the time series for consecutive windows. In this
study, the window size is 40, and the step size is one, meaning each window contains 40
observations. This length was determined by following insights from another study, which
concluded that training horizons for RNN-based models should be slightly longer than the
anticipated prediction horizon to achieve the best results (Hewamalage et al., 2021).
Furthermore, before applying it to all models and items, different lengths between 40 and 60

were tested on randomly chosen products, with no significant differences in accuracy identified.
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Figure 12 illustrates the sliding window technique applied to a single time series over three
steps. The blue sections represent the training data, and the orange sections represent the
validation data. This method allows for the systematic evaluation of the model's performance
on different sections of the time series, providing a more robust assessment of the model's

ability to generalise to unseen data.
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Figure 12: Sliding window technique for the non-linear model

3.4 Modelling

In selecting the models for this study, previous research in financial time series forecasting was
considered, considering that this study uses univariate data. This approach was chosen to build
upon the existing knowledge base and identify effective models in similar contexts. This study
aimed to evaluate the performance of different modelling approaches and gather insights on the

price predictability of items on in-game marketplaces.

This study consists of one benchmark model, two linear models, and four non-linear models.
For each item, a new model is created and specially trained on its data. All in all, taking into

account the 944 items and seven models, there are 6608 different models developed.

In this study, the benchmark model is a naive model based on the EMH assumption that prices
of items on the steam marketplace are not predictable and follow a random walk. The value for

the naive model during the whole forecast horizon is the last price point of the training set.
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The following method, the SES model, was implemented using the “statsmodel” package in
Python (statsmodel, 2022). One key feature of this package is its ability to automatically
determine the optimal value of the smoothing parameter (o)) within the training data set for each
time series. The optimisation of a is critical for the accurate representation of the underlying
trend and seasonality of the data, as it controls the weight given to past observations in the
forecast. By utilising the automatic optimisation feature, the SES model is able to effectively

capture the dynamic nature of the data and produce more reliable forecasts.

This study utilised the auto-ARIMA process (Smith, 2017) to automatically discover the
optimal order for an ARIMA model on the training set. This process involves a systematic
search for the most suitable combination of the three key parameters of an ARIMA model: the

autoregressive (AR) order, the differencing order, and the moving average (MA) order.

To determine the optimal differencing order, d, the auto-ARIMA process conducts various
differencing tests, such as the Kwiatkowski—Phillips—Schmidt—Shin, Augmented Dickey-
Fuller, or Phillips—Perron tests. After identifying the optimal value of d, the process then fits a
range of ARIMA models with different values of the AR and MA orders. It selects the model
that minimises the Akaike Information Criterion (AIC) information criterion. In the case of
seasonal data, the auto-ARIMA process also determines the optimal order of seasonal
differencing, D, through the Canova-Hansen test and includes this parameter in the optimisation

Pprocess.

For all machine learning models, the input sequence length was set to 40 data points based,
ReL.U is used as the activation function, and the Adam optimisation algorithm was utilised due
to its demonstrated effectiveness in another study (Hewamalage et al., 2021). A batch size of
64 and a maximum of 200 epochs were also selected. An early stopping mechanism is
implemented to prevent overfitting, which occurs when a model becomes too closely adapted
to the training data and performs poorly on unseen data (Chollet, 2015a). It is set to terminate
the training process if the loss function does not improve for five consecutive steps. The best

model was subsequently chosen based on loss and applied to predict the final forecast.

The structure of the machine learning models was carefully designed to reflect the
characteristics of the data being analysed. The number of neurons in the first layer is set to
match the input data size, which is 40, due to the length of the training set and its univariate
nature. The number of neurons in the output layer is determined by the desired period length of

the predictions, which is set to 30 in this study.
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The output layer was consistently implemented as a dense layer, as all the models utilised in
this study were recurrent neural networks (RNNs). This configuration was chosen based on

previous research indicating that it was optimal for RNN models (Hewamalage et al., 2021).

More precisely, the RNN model types are basic LSTM, stacked LSTM, basic RNN, and basic
GRU and are built using Keras open-source package in Python (Chollet, 2015b). The models
were selected based on popularity and accuracy in the time series study field. Table 3 offers an
overview of the layer structure for each model. Due to the vast number of datasets and
computational constraints, it is impossible to optimise the model’s structure for each item,
which is, therefore relatively basic. The Stacked LSTM has one more layer compared to the
other three models. Adding another LSTM layer to the network allows the stacked LSTM model
to learn more abstract representations of the input data, allowing it to capture better the

underlying structure and patterns (Graves et al., 2013).

Model Layer type, neurons
Basic LSTM LSTM, 40

Dense layer, 30
Stacked LSTM LSTM layer, 40

LSTM layer, 32
Dense layer, 30

Basic RNN SimpleRNN layer, 40
Dense layer, 30
Basic GRU GRU layer, 40

Dense layer, 30
Table 3: Structure of the applied machine learning models

Finally, I applied min-max scaling to the price feature to transform its values to a range between
0 and 1. Min-max scaling is a common data pre-processing technique that involves subtracting
the minimum value of a feature from each data point and dividing the result by the range of the

feature (i.e., the difference between the minimum and maximum values).

3.5 Evaluation procedure

This study uses multiple linear and non-linear models that are fundamentally described in
Chapter 2.3 and setting-wise described in Chapter 3.4. These models differ in their data-
handling capacities. Nevertheless, to give each model the same data foundation for predicting
future timeframes, all models are fed only with univariate data. Therefore, they are predicting
a single dependent variable based on a single independent variable, both being in this case, the
price variable. The analysis is based on a 30 data points forecast using the MIMO strategy,

taking into account the findings outlined in Chapter 2.4.1 and my computational constraints.
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The prediction performances of the different models are measured by the two error metrics
presented in Chapter 2.4.2. GMRAE is used to compare the model to a naive benchmark, and
SMAPE compares the accuracy of all models, including the naive model. To assess the
statistical significance of the differences in performance among all the models, a non-
parametric Friedman rank-sum test is conducted. The Friedman test compares the differences
between the multiple techniques in a repeated-measures design. The test calculates a test
statistic based on the ranks of the observed responses rather than the actual response values.
Then it uses this statistic to determine whether the differences between the methods are

statistically significant (Sheldon et al., 1996). The formula is as follows (Friedman, 1937):

X2 = __z Ek R?—3N(k+1)
" Nk(k+1) < , J
]:

Where k represents the number of ranked methods, N represents the number of time series, and
R represents the sum of the ranked scores in each column. This technique is applied to each
model’s calculated sMAPE and GMRAE errors by using the Python package “scipy” with its

function “scipy.stats.friedmanchisquare” (Virtanen et al., 2020).

After evaluating if the outcomes of the overall study are statistically significant, it is also
essential to evaluate this in a more detailed way. To achieve this, the Wilcoxon rank-sum test
(Wilcoxon, 1992) determines whether the difference between the two sample means is
significant. This test is rank-based, like the Friedman test, and likewise available in the same
Python package with the function name “scipy.stats.ranksums” (Virtanen et al., 2020). The
most crucial objective here is to determine if the models significantly differ from the naive
benchmark and can be interpreted confidently. Both statistical test hypothesis based and will be
evaluated with the significance level of @ = 0.05 to either reject H, or not. Figure 13 shows

the entire process of testing for significance in this study.

Assess whether there
Measuring the forecast are any statistically
errors of the whole significant differences
dataset that was regarding the
selected by the K- distribution of

Identifying which
models pairs have a
statistically significant
difference in ranks

means clustering GMRAE and sMAPE
method from the model
performances

compared to the naive
model and each other

using

GMRAE and sMAPE using
Friedman test

using
Wilcoxon test

Figure 13: Steps of the performance evaluation
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4. Analysis of results

In this section, I present a thorough analysis of the results of my study. As mentioned, I will
consider the out-of-sample SMAPE and GMRAE for each model across all time series. Since |
have multiple testing sets for each time series, the accuracy of a model on a given time series
is the average over all the possible testing sets. The mean SMAPE and mean GMRAE metric
results over the whole observed timeframe for each time series of all the models I used can be
found on my GitHub in CSV or feather format. Additionally, I also uploaded my code there in
three parts: data collection and processing, data visualisation, and, data clustering combined

with the prediction and evaluation.

This chapter starts by providing a general evaluation of all models based on the SMAPE and
GMRAE error metrics. Mainly the mean and median SMAPE values are initially examined,
followed by an analysis of the distribution of SMAPE for each model and an overview of the
frequency with which each model was the most accurate. The GMRAE results are presented
afterwards. In the next section, the time series in the dataset are divided based on their
stationarity to gain a deeper understanding of the performance of each model under different
conditions. Finally, the entire observation horizon is divided into multiple 2-step windows,

allowing for an evaluation of the accuracy of the models for different prediction lengths.

4.1 General performance evaluation

In order to assess the performance of the various models, I compare their results on all datasets
using the SMAPE and GMRAE error metrics. The SMAPE results are summarised in Table 4,
which shows the minimum, maximum, mean, median, and count values for each time series
and model. Upon examining the mean values, it becomes apparent that the SES model was the
most effective in predicting all 30 data points into the future, followed by the ARIMA model.
The naive model also performs relatively well, with results close to those of the SES and
ARIMA models. The machine learning models perform significantly worse and are not
competitive. Among the non-linear models, the basic RNN model demonstrates the best
performance, followed by the stacked LSTM model, which performs similarly to the GRU

model. The basic LSTM model was the least effective of the non-linear models.

An interesting finding emerges when examining the median values: the discrepancy between
the linear and non-linear models is much smaller than the mean values suggest. Even the relative
rankings of the models in terms of performance changed, with the RNN and GRU methods

having a slightly better median than the naive method. However, the RNN model still performs
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the best of all non-linear methods. This change indicates the presence of more and heavier
outliers in the prediction errors made by the machine learning models. When looking at the
minimum and maximum sMAPE values, the ARIMA model has the lowest and highest values,
respectively. This suggests that the ARIMA model has a broader range of performance than the

other models, but only by a slim margin.

The Friedman test confirms a statistical significance in the difference of SMAPE errors between
all models at a significance level of 0.05, with a p-value indistinguishable from zero.
Furthermore, the paired Wilcoxon test confirms that the sMAPE difference between nearly all
combinations of models is also statistically significant at a 0.05 level. Only the combinations
of SES and ARIMA, and Basic and Stacked LSTM have p-values of approximately 0.108 and
0.195, respectively. This means that despite the large difference in mean and median SMAPE,

the rank-based Wilcoxon test attests to a more similar performance than it looks at first glance.

index Naive SES Arima Basic LSTM Stacked LSTM RNN GRU
min 2.341402 2.337488 2.219444 2552327 2.609358 3.004273 2749733
max 1822721682 151.034180 200.000000 198923763 186.871751 181.118041 199.704752
mean 28.382976  26.254722  26.953373 40623568 36.077755  33.970407 36.813305
median 15765176 13.970466 14.427042  17.655732 16381227 15593709  15.726473
count 944000000 944000000 943.000000 944000000 944000000 944.000000 944.000000

Table 4: sSMAPE metrics overview for each model

To investigate the hypothesis that the non-linear models produced more and heavier outliers in
the errors, a violin plot combined with a strip plot was used to visualise the SMAPE metrics, as
shown in Figure 14. This visualisation confirms that there are more and more substantial
outliers for the machine learning models. Additionally, the distribution of errors indicates that
the number of errors decreases as the SMAPE values increase for the linear models. In contrast,
for the non-linear models, especially basic LSTM and RNN, the forecasts are either relatively

good or very bad, with fewer errors occurring in the intermediate range of SMAPE values.
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Figure 14: sSMAPE distribution for each model

It is further of interest to analyse the frequency with which each model delivers the best
forecasting results. Figure 15 illustrates that the naive model, despite having a worse mean,
median, and minimum sMAPE compared to the SES and ARIMA models (as seen in Table 4),
delivers the best results the most frequently, with 250 out of 944 time series. This represents
more than 25% of all observed items, suggesting that a significant number is not predictable.
The SES model comes in second with 182 best predictions, followed by the ARIMA model
with 178. These three models combined account for approximately 65% of the best predictions,

indicating that the machine learning models lag significantly in performance.

Focusing on each model individually and comparing it to the naive model, the results are
consistent with the findings of the initial SMAPE Table 4. The SES and ARIMA models
outperform the naive model more than half the time, with 576 and 560 instances, respectively,
approximately 60% of the time. Among the non-linear models, the RNN model performs the

best, followed by the GRU and Stacked LSTM models, which have similar performance. In
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general, each RNN-based methods only outperform the naive method about 40% of the time.
These findings further highlight the difficulties that both linear and non-linear models face in

forecasting the price developments of these in-game items.
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Figure 15: Count of best performances per model

Table 5 examines how each model performs against the naive method as a benchmark, using
the GMRAE error metric. A GMRAE value greater than one indicates that the model is worse
than the benchmark. The mean GMRAE across all items shows that none of the models
outperforms the naive model. The rankings are similar to those observed for sMAPE, except
for the GRU model, which performs worse than the stacked LSTM model. Therefore, SES is
still the best model, followed by ARIMA and RNN. The basic LSTM model has an
exceptionally high mean GMRAE, as does the GRU model. Examining the maximum value for
each model reveals that these models have significant outliers compared to the other methods,

which greatly influence their average performance. These high GMRAE errors stem from the
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problem that GMRAE is vulnerable to outliers and very small numbers (Chapter 2.4.2) that can

occur over the time horizon.

A different pattern emerges when considering the median error, which is less affected by
outliers. Both linear models perform better than the naive benchmark, with values of 0.976 and
0.977, respectively. This means that they slightly outperform the naive model. However, the
non-linear models are still ranked behind the benchmark, with the best performer being RNN,
with a value of 1.096. The remaining methods maintain their order compared to the mean

GMRAE.

According to the Friedman test, the differences in the models are statistically significant, with
a p-value of approximately zero. The Wilcoxon shows that the mean ranks between the model
pairs are all statistically significant at a 0.05 level, except the pair of SES and ARIMA with a
p-value of approximately 0.261. This does not allow any clear conclusion on who performs

better.

SES Arima Basic LSTM Stacked LSTM RNN GRU

min 0.104869 0.098316 0.067733 0.056073 0.086678 0.076939
max  164.578981 36.289466 55986.033238 274318606 268.346621 2663.410594
mean 1.184606 1.121983 94.215845 1.833022 1.713472 5.666944
median 0.976496 0.977199 1.246062 1.159256 1.096152 1171548
count 944000000 943.000000 944.000000 944 000000 944.000000 944.000000

Table 5: GMRAE metrics overview

Overall, predicting the time series better than the naive benchmark is very difficult, and only
linear models achieve this more than half the time. The results will be further studied in the
next part by dividing the dataset according to the stationarity of the underlying time series. The

goal is to provide a more detailed view of when the naive and the other models perform best.

4.2 Evaluation based on stationarity

Dividing the dataset by stationarity is important as stationary time series are typically easier to
model and produce more reliable predictions. As previously elaborated, a time series is
stationary if its statistical properties, such as the mean and variance, remain constant over time.

Non-stationary time series, on the other hand, may exhibit trends, seasonality, or other changing
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patterns that can complicate the modelling and forecasting process. The stationarity of a time

series in this study is statistically assessed through the ADF test presented in Chapter 2.3.7.

First, I will examine the stationary time series presented in Table 6. The historical prices of 569
out of 944 items over the testing period are stationary in nature. For these stationary time series,
the mean sMAPE values provide the same rankings as when the dataset is not divided, but all
values are significantly lower, as expected. The drop in median performance is less significant.
However, the accuracy of the models becomes more similar, as not only the RNN and GRU

models outperform the naive model but also the Stacked LSTM model.

Second, the forecasting ability of all models is considerably worse for non-stationary data, as
the theory presented in Chapter 2.2 suggests and Table 7 shows. The mean performance
rankings remained the same as for the entire dataset. Interestingly, for non-stationary data,
where non-linear models are expected to outperform linear models, the median accuracy of
these two groups is farther apart, and only the RNN model performs slightly better than the
naive model, unlike for stationary data, where both the GRU and Stacked LSTM models also

outperformed the naive model.

The Friedman test shows that the SMAPE differences in the stationary and non-stationary
datasets are statistically significant, with p-values of approximately zero and 0.003. For the
stationary time series, the pairs of the naive and RNN models, SES and ARIMA models, and
Basic and Stacked LSTM models are not statistically significant at a 0.05 level according to the
Wilcoxon signed-rank test, with p-values of 0.119, 0.216, and 0.194, respectively. As the higher
p-value of the Friedman test for the non-stationary compared to the stationary time series
suggests, the pair difference is not that clean-cut here. None of the model pairs is statistically
significant at the 0.05 level. However, most of the pairs have a p-value of around 0.06 except
the combinations of naive and SES (~0.144), naive and ARIMA (~0.715), SES and RNN
(~0.144), ARIMA and RNN (~0.144), Basic LSTM and Stacked LSTM (~0.144), and Stacked
LSTM and GRU (~0.465).

index Naive SES Arima Basic LSTM Stacked LSTM RNN GRU
min 2.341402 2.337488 2219444 2 552327 2609358 3.072906 2749733
max  182.272162 145.930140 200.000000 199.9237863 166.711103 162.463127 167.709178
mean 21.964606  19.144522 19.767684  30.030735 25465479 23.535953 26.170003
median 14438201 13.069624 13.236588 15.691823 14313660  13.283905 14.044282

count 589.000000 569.000000 568.000000 5£9.000000 569.000000 569.000000 569.000000
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Table 6: sSMAPE metrics for stationary time series

index Naive SES Arima Basic LSTM Stacked LSTM RNN GRU
min 3.361379 3.315104 3.336186 3.871993 4137513 3.004278 3.782814
max 151034180 151.034180 158.887529 199872996 186.871751 181.119041 199.704752
mean 38121781  37.043265 37.837296 56696427 52180115 49802953 52.962741
median  21.371991  17.949437 18314135  26.923866 23.860477 21197303  23.087453
count 375000000 375000000 J375.000000 375.000000 375.000000 375.000000 375.000000

Table 7: sSMAPE metrics for non-stationary time series

Since the models in these two groups behave similarly to each other, as previously noted, they
have been combined for this part of the analysis. Figure 16 below, a combination of a violin
and strip plot, represents the SMAPE distribution for the naive, linear, and non-linear models
for the test dataset's stationary and non-stationary time series. Of the 6608 data points, 2625
belong to the non-stationary dataset, and 3983 belong to the stationary dataset. Generally, for
all model types, the sSMAPE errors are more widely spread for the non-stationary time series
than for the stationary time series, visible in the more elongated body shape of the non-
stationary violins. This is expected, given the increased difficulty in predicting the former data
type. The decrease in the occurrence of SMAPE with its increase in strength, previously noted
in Figure 14, applies especially to stationary data for the naive, linear models and is also
somewhat accurate for non-linear models for this data type. In contrast, the previously identified
grouping of errors for non-linear models in non-stationary data at the higher ends of the SMAPE
range in the general model (Figure 14) is particularly pronounced in non-linear time series. This
pattern is also visible for the benchmark method and linear models, suggesting that these time

series are either very easy or hard to predict.
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Figure 16: sSMAPE distribution for different stationarity

Tables 8 and 9 present the GMRAE error metrics for stationary and non-stationary time series,
respectively. The median GMRAE errors of all models are significantly lower overall, and some
are even better than the naive model for stationary time series compared to non-stationary. The
SES and ARIMA models outperform the naive model for the stationary data, but this is not the
case for the RNN, GRU, and Stacked LSTM models, which performed better than the
benchmark when sMAPE was considered. For non-stationary time series, the SES and ARIMA
methods perform similarly to the naive model, while the machine learning methods show

significantly worse performance.

SES Arima Basic LSTM Stacked LSTM RNN GRU

min 0.104869 0.098316 0.067733 0.056073 0.086678 0.076939
max 164878981 38289466 55986.033238 274 316606 268346621 272.059055
mean 1.288963 1.135830 102.289312 1973774 1.857527 2268110
median 0.945782 0.958094 1.205422 1.109419 1.049147 1.087897
count 569.000000 568.000000 569.000000 569.000000 569.000000 569.000000
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Table 8: GMRAE error metrics for stationary time series

SES Arima Basic LSTM Stacked LSTM RNN GRU

min 0.156547 0.144411 0.085570 0.118333 0.165774 0.091190
max 5015531 10.331493 28600.461866 13.913975  26.600352 2663.410594
mean 1.026232 1.101011 81.965705 1.519454 1.494892 10.829143
median 0.990962 0.893766 1.366780 1.276099 1.180641 1.247351
count 375000000 375.000000 375.000000 375.000000 375.000000 375.000000

Table 9: GMRAE error metrics for non-stationary time series

4.3 Evaluation of the time horizon

Thus far, the SMAPE has always been calculated over the entire predicted time horizon. This
chapter divides the time horizon into non-overlapping 2-datapoint long observation windows
that move across all 30 forecasting data points. The goal of this analysis is to evaluate the
differences in the performance of each model as the prediction horizon extends further into the
future, also considering the performance of other models. The theory presented in Chapter 2.2
states that the accuracy of every model decreases with the increasing prediction horizon.
Additionally, non-linear models should perform better than linear models for data points farther

from the training data.

Figure 17 illustrates the mean sMAPE over the previously mentioned period. The mean
accuracy of all presented models decreases steadily without any notable outliers. Additionally,
the linear and machine learning models maintain a constant performance difference among each
other over the entire time frame, with the linear models performing better throughout the
observation period. However, the slope of all the simpler models is steeper than the non-linear
ones, leading to them almost losing their sSMAPE gap after 30 data points. This graph suggests
that if the prediction horizon were longer, the non-linear models would soon outperform the

linear models after these 30 data points.

Among the linear models, the best-performing model is the SES model, followed by the
ARIMA model and the benchmark model. This ranking order remains unchanged throughout
the entire time frame. For the non-linear models, the rankings changed somewhat. The GRU
model had a better SMAPE in the first two data points than the Stacked LSTM model but

performed worse for the rest of the time horizon. However, these two models were only the
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second and third best models, respectively, as the RNN model was the most accurate over the
30 days. Nonetheless, the RNN model's gap towards the Stacked LSTM model narrowed
towards the end, and the Basic LSTM model is far behind in last place.
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Figure 17: mean sSsMAPE per model over the forecast horizon

A different picture emerges when examining the median performance of all models, as shown
in Figure 18. The naive method, previously consistently the third-best method throughout the
period, is now only at this rank for the first 12 days while experiencing the highest growth in
median SMAPE errors during this observation window, which causes it to be surpassed by the
RNN model. This development is only reversed for two data points towards the end. In addition,
the accuracy of the GRU model also exceeds that of the naive model after 16 days, and the
Stacked LSTM model briefly surpasses it for a two-data point period. The GRU model also
challenges the RNN model for some parts of the time horizon but can never entirely surpass its
performance. The SMAPE ranking of the top two models and the worst model from the

previously evaluated mean sMAPE remains the same, with only the ARIMA model sharing a
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similar performance to the RNN model for the last four observations. Additionally, the accuracy
gap between the linear models and the naive model reduces significantly towards the end of the
time horizon. Generally, the slopes for all models are not as clean as those of the mean sMAPE

but are growing over time.

The Friedman test confirms that the mean and median SMAPE errors over the time horizon are
statistically significant at a 0.05 level, with p-values of approximately zero for both.
Additionally, the results of the Wilcoxon test show that the mean sSMAPE for all pairs is
different at a significance level of 0.05. A similar pattern is observed for the median SMAPE,
except for the pairs naive and RNN, and naive and GRU, which have p-values of approximately
0.847 and 0.277, respectively. These results suggest that the median SMAPE errors for these

pairs are not statistically different, even at a 0.10 level.
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Figure 18: median SMAPE per model over the forecast horizon

The analysis of GMRAE in a previous section of this study revealed that the error metrics
produced by this analysis contained outliers. As a result, only the median GMRAE was

considered and depicted in Figure 19 for the time horizon analysis. The linear models presented
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in blue (SES) and orange (ARIMA) are initially very close to one, which represents the
benchmark of the time series. However, as the time horizon progresses, both models move and
remain below one, indicating that they were superior to the naive model throughout the entire
period. Specifically, the SES model constantly improves over the first ten days, with the lowest
median GMRAE of approximately 0.933 at day 10. The ARIMA model displays its lowest
median GMRAE on day 12, with a value of approximately 0.959. After this point, both models
move closer to one again, suggesting that they are particularly effective at outperforming the

benchmark in the short term.

The median GMRAE for non-linear models falls within the range of 1.2 to 1.5 during the initial
two days and remains relatively high for the subsequent 15 to 20 days. This suggests that these
models exhibit inferior forecasting performance compared to the naive and linear models in the
short term. However, the performance of non-linear models gradually improves over the time
series and approaches the benchmark of a GMRAE value of 1, although this benchmark is not
reached within the observed time frame. These findings are consistent with the results obtained
from the mean SMAPE. The RNN model displayed the best performance among the machine
learning models examined, followed by the GRU and Stacked LSTM models. The Friedman

and the Wilcoxon for every pair are statistically significant at a 0.05 level.
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Figure 19: mean sSsMAPE per model over the forecast horizon
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5. Conclusion

The motivation for this study was to gain insights into the price predictability of in-game items
on digital marketplaces and evaluate different forecasting models based on their performance.
To achieve this, the study is based on a multitude of perspectives, two error metrics, and a
dataset with 944 individual time series, which varied in terms of the length of individual time
series, price, and stationarity. All this allows me to make general conclusions based on this

diverse range of time series characteristics and applied methods.

This study shows that the price is predictable to some degree for many items, although the
improvement is small compared to the naive benchmark. While the SMAPE and GMRAE
results of the overall dataset indicate that linear models perform better than the naive method,
the naive model still ranks as the top method most of the time when the models are compared
in a group. However, it had a slightly lower probability of outperforming the linear models
when compared individually. This suggests that multiple methods may be required to predict
the time series better than a random walk consistently. This leads to the problem that there is

no clear evidence to know which methods are favourable in certain events.

Nevertheless, the stationary time series analysis results suggest an overall higher level of
predictability for these items as large forecasting errors, particularly for non-linear models,
often occur with non-stationary data. The median sMAPE results for stationary time series show
that all models except the Basic LSTM model outperform the naive benchmark. However, this
was not supported by the median GMRAE results, which indicate that only the linear models

outperform the naive model in predicting the time horizon for stationary data.

A mean sMAPE and median GMRAE analysis of smaller time steps indicate that linear models
significantly outperform the benchmark in predicting shorter time periods and also deliver
better accuracy over the remaining time frame. None of the non-linear models can achieve this,
although the RNN and GRU models show better results than the benchmark in terms of median
SMAPE after 12 data points and reduce the mean SMAPE and median GMRAE gap towards

the other models significantly towards the end of the prediction horizon.

Furthermore, it can be generally concluded that the linear models outperform the non-linear
models in every examined aspect. SES has the upper hand for linear models, though not always
statistically significant, and for non-linear methods, the RNN model was the best at predicting
prices. The study’s results suggest that LSTM models, which possess a specialised structure for

effectively remembering long-term dependencies in data, perform worse than the simpler RNN
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model. Moreover, linear methods outperform both LSTM and RNN models. These two findings
point in the direction that past price points do not contain a wealth of significant additional
information and patterns. Finally, it can be concluded that forecasting digital markets is at least
as challenging as any other financial market, however, this study delivers some support for the

critics of the efficient market hypothesis.

6. Limitations and future directions

The results of this study are limited to a univariate context, which benefits linear methods as
machine learning models cannot show their full strength. One of their main advantages is their
ability to make decisions based on multiple variables. Furthermore, these non-linear models are
not necessarily adapted to the specific “needs” of each time series and have the same basic
settings for each one of them. This basic setting is another limitation, as more layers could have
better reflected the data's complexity and possibly picked up price patterns that are not
recognised in this study. It is worth noting that more sophisticated models with more optimised
structures may potentially yield even better results in cases where more computational
resources are available, and the focus lies on only one model that can be optimised. These are,
in my opinion, the main future research targets regarding modelling for time series forecasting
of digital marketplaces. Additionally, alternative approaches, such as constructing a global
model for predicting all time series, utilising hybrid methods that combine multiple forecasting
techniques, or using classification models that predict the direction of price movement, could

also be evaluated.

Future research could expand upon the dataset by considering marketplaces of in-game items
of different games, considering different items from Counter-Strike: Global Offensive, utilising
a different time horizon, or even multiple time horizons, as the findings of this study are specific

to only one particular period.
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