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ΠΔΡΗΛΖΨΖ 

 
Η επίηεπμε ηνπ κεγαιύηεξνπ νηθνλνκηθνύ θέξδνπο ζε έλα online παηρλίδη  κε ηηο ιηγόηεξεο 

επελδύζεηο ζηε δηάξθεηα ηνπ  ρξόλνπ είλαη ίζσο κία από ηηο πην ζπρλέο εξσηήζεηο πνπ έρνπλ 

νη λένη παίθηεο. 

Απαηηνύληαη εθηελείο γλώζεηο, εηδηθά γηα πνιύπινθα παηρλίδηα κε νηθνλνκηθό πεξηβάιινλ – 

πρ ζπλαιιαγέο -  εληόο παηρληδηώλ. Υξεζηκνπνηώληαο ην Path of Exile σο ην παηρλίδη ηεο 

επηινγήο καο, έρνπκε δεκηνπξγήζεη έλα ζύλνιν δεδνκέλσλ κε ζπλαιιαγέο αληηθεηκέλσλ  

πνπ γίλνληαη κεηαμύ ησλ παηθηώλ  ζην παηρλίδη αμηνπνηώληαο ην ελζσκαησκέλν API ηεο 

πιαηθόξκαο. Δθαξκόδνληαο κεζόδνπο κεραληθήο κάζεζεο ζην ζύλνιν ησλ δεδνκέλσλ 

επηδηώθνπκε  λα βξνύκε ηξόπνπο λα κεηώζνπκε ηηο γλώζεηο πνπ απαηηνύληαη από ηνπο λένπο 

παίθηεο, γηα ηελ απόθηεζε αμίαο κέζα ζην  παηρλίδη γξεγνξόηεξα θαη απνηειεζκαηηθόηεξα 

κέζσ ζπλαιιαγώλ αγνξάο θαη πώιεζεο. 

Γηα ην ζθνπό απηό θαηεβάζακε  δεδνκέλα ρξνληθεο δηάξθεηαο  6 κελώλ από ην API ηεο 

πιαηθόξκαο θαη  εθαξκόζακε  ηερληθέο ώζηε λα   δηαβάζνπκε ηα δεδνκέλα, λα ηα 

κεηαηξέςνπκε  ζε επαλάγλσζηε κνξθή  θαη λα ηα απνζεθέπζνπκε ζε κηα βάζε δεδνκέλσλ 

πνπ βαζίδεηαη ζε έγγξαθα - δεδνκέλνπ όηη ηα δεδνκέλα είλαη από ηε θύζε ηνπο αλάινγε 

απηεο ησλ εγγξάθσλ. Υξεζηκνπνηήζακε θαηόπηλ  ζηαηηζηηθή  αλάιπζε θαη γλώζε ηνπ 

παηρληδηνύ γηα λα ζρεδηάζνπκε ραξαθηεξηζηηθά, ηα νπνία αξγόηεξα ζα βνεζήζνπλ ηα 

κνληέια κεραληθήο κάζεζεο λα έρνπλ θαιύηεξε απόδνζε. 

 

Παξάγνπκε ηειηθά δύν ζύλνια δεδνκέλσλ: 

 

• Έλα ζύλνιν δεδνκέλσλ πνπ πεξηιακβάλεη αληηθείκελα πνπ παξνπζηάδνπλ έλα ζηαζεξό 

ζύλνιν ραξαθηεξηζηηθώλ ζην ρξόλν. 

Υξεζηκνπνηνύκε ηα επαλαιακβαλόκελα λεπξσληθά δίθηπα κε ηε κνξθή LSTM γηα ηελ 

θαηαζθεπή κνληέισλ, κε ζθνπό ηε πξόβιεςε ησλ κειινληηθώλ ηηκώλ ησλ αληηθεηκέλσλ 

απηώλ. 

Σα κνληέια απηά, κπνξνύλ αξγόηεξα λα ρξεζηκνπνηεζνύλ γηα λα βνεζήζνπλ ηνπο παίθηεο λα 

απνθαζίζνπλ λα αγνξάζνπλ ή λα πνπιήζνπλ αληηθείκελα ζύκθσλα κε ην πξόηππν 

πξόβιεςεο. 

• Έλα ζύλνιν δεδνκέλσλ πνπ πεξηιακβάλεη ζηνηρεία πνπ παξνπζηάδνπλ έλα κεηαβιεηό 

αξηζκό ραξαθηεξηζηηθώλ. 

Υξεζηκνπνηνύκε δηαθνξεηηθνύο αιγνξίζκνπο κεραληθήο κάζεζεο θαζώο θαη κνληέια 

ηερλεηνύ λεπξηθνύ δηθηύνπ γηα λα πξνβιέςνπκε ηελ ηηκή ή λα ηελ ηαμηλνκήζνπκε ζε νκάδεο 

θέληξσλ ηηκώλ πνπ έρνπλ λόεκα ζε έλαλ παίθηε. Υξεζηκνπνηώληαο αξγόηεξα απηνύο ηνπο 

εθηηκεηέο, έλαο παίθηεο κπνξεί λα πάξεη πιεξνθνξίεο ζρεηηθά κε ηελ ηηκή ησλ αληηθεηκέλσλ 

θαη λα απνθαζίζεη εάλ έλα ζηνηρείν είλαη πνιύηηκν θαη πόζν. 

  

Λέξεις- Κλειδιά : Μεραληθή Μάζεζε, Δπαλαιακβαλόκελα Νεπξσληθά Γίθηπα, LSTM, 

΢ηαηηζηηθή, Πξόβιεςε, Καηεγνξηνπνίεζε, Πξνηππνπνίεζε, Γξακκηθε Παιηλδξόκεζε 
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ABSTRACT 

 
Making the most profit in an online game with the least time investment is perhaps one of the 

most asked questions new players have. It requires a vast amount of knowledge especially for 

complex games with in-game economies. Using Path of Exile as our game of choice, we have 

built a dataset of in-game item transactions using its built-in API and using machine learning 

we analyse the dataset to find ways to reduce the knowledge needed for new players to 

generate currency faster and more efficiently through buy and sell transactions. 

After downloading 6 months‘ worth of data from the API feed, we apply a pipeline in which  

we read the data, convert it to a readable format using a  document based database - since 

natively the feed schema is highly nested- and  use statistics and domain knowledge to 

engineer features which will later help our machine learning models perform better. 

We finally produce two datasets:  

 A dataset comprising of items that present a firm set of attributes through time. 

We use Recurrent Neural Networks in the form of LSTM to build models to try and 

forecast the future prices of these items.  

These models can later be used to help players decide where to buy or sell the items 

according to our forecast model. 

 

 A dataset comprising of items that present a variable number of features. 

We use different machine learning algorithms as well as Artificial Neural Network 

models to predict the price of an item or classify it in range price clusters meaningful 

to a player. A player can later use these estimators, to get information on the price of 

items and decide if an item is valuable and how much. 

 

Keywords: Machine Learning, Recurrent Neural Networks, RNN, LSTM, Artificial Neural 

Network, ANN, Linear Regression, Linear classifier, Decision Trees, XGBoost, K - means 

Clustering, K-nearest Neighbors, Activation functions, Swish Activation Function, sigmoid 

Activation Function, Softmax Activation Function, Linear Activation Function, Feature 

Scaling, Feature Engineering, Min-Max Scaler, Standard Scaler, K-fold, Grid Search, 

Ensemble 
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Chapter 1: Overview 

 

 

1.1 The problem 

 

There have been many games, throughout the years, which involved an in-game 

economy which flourished through selling and buying items found by the players to the 

players. Diablo 3 implemented real money trading via a real money auction house, with 

merchandise being its in-game items. Path of Exile, the game whose data we collected and 

used, implemented trading with in-game currencies, each of different value. While figuring 

out the price of an item or if the price of an item is going to change in the future will help you 

increase your riches, it requires immense knowledge of the game‘s mechanics and quirks and 

lots of game time. Considering that Path of Exile has a continuously changing market with 

more than 172 quadrillion different possible combinations for its items and more than 50 

different currency types, makes this a difficult feat.  

 

 

1.2 The game 

 

In Path of Exile, players have different goals and in the process of achieving those 

goals, they acquire items with a variable number of features, picking from more than 90 

different features for its item category. The items can either be used, sold or just thrown 

away. Depending on how many features an item has and which are those features, the worth 

of the item varies. All this takes place in ―leagues‖ as they are called, which are 3-month 

periods, after which all the items and currency a player has accumulated goes away and they 

start from the beginning. 

 

The game‘s items are split to different categories and rarities. Rare items have 2 or 

more features (in the game the features are called ―mods‖) and names depending on those 

features, while Unique items have specific features and names. For each item‘s feature, be it 

of rare or unique rarity, its features can have different ranges. A feature with a value of 10 on 

one instance of an item can have a value of 100 in a different instance. The feature‘s value 

range depends on the category of the item, on the instance of the item and on the level of the 

item.  

 

Players in the game mainly use two types of currencies to trade, chaos orbs and 

exalted orbs. Exalted orbs are worth multiple times the value of a chaos orb (generally the 

rate is more than 100 chaos orbs to 1 exalted orb). Chaos orbs are the main currency players 

use to trade. For that reason all prices are converted in chaos orbs using the daily exalted to 

chaos orbs conversion rate which was data mined from a poe.ninja.  
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Trading in the game is done using stashes. Each player has a number of stashes which 

serve the purpose of showcasing the item. Using the game‘s API, we can capture all the 

changes made to a stash, using that stashes‘ unique id. For example, if at a specific point in 

time a stash with an id Y contains an item X, and later on that stash doesn‘t contain that item, 

we can assume item X has been sold.  

 

 

1.3 Goal 

 

The goal is to be able to predict the prices of rare items within a good error margin or 

at least classify what price range they belong in as well as forecasting the price of unique 

items. Predicting the price of a rare item will allow players to decide if they want to throw 

away that item or try and sell it. The forecasts for unique items will be implemented using 

observations at the start of a season and will inform the player if the price of the item will rise 

or drop, allowing him to buy many of the same items for profit or sell his items now so he 

does not lose money. 
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Chapter 2: Neural Networks Theory 
 

2.1 Neural Networks 

 

Artificial neural networks are a set of algorithms, modelled loosely after the human 

brain, that are designed to recognize patterns. They interpret sensory data through a kind of 

machine perception, labelling or clustering raw input. Artificial neural networks (or ANNs) 

help us cluster and classify. We can think of them as a clustering and classification layer on 

top of the data we store and manage. They help to group unlabelled data according to 

similarities among the example inputs, and they classify data when they have a labelled 

dataset to train on.  

 

The building unit of the neural networks is called the neuron, and imitates the 

functionality of the human neuron. Neurons are connected in layers so that one layer can 

communicate with the others forming a neural network. Every layer, other than the input and 

the output layers, is called a hidden layer [1]. The output of one layer is fed to the inputs of 

another layer. 

 

Figure 1: Schematic of Neural Network model 

 

The main goal of the ANN is to ―learn‖ so it can cluster or classify data. Learning is 

the task of adjusting weights to minimize the error. That is performed by back propagation of 

error. 

 

According to back propagation, after we initialize a loss function, which is dependent 

on the output of the last layer, back propagation tries to minimize that function. 

 

By analysing and by carefully picking out the non-linear functions, backpropagation 

ends up on the dependence of the output layer to the input layer, going through the neural 

network in reverse order and by computing at each step the derivative of the cost function in 

relation to the parameter traveled.  

Afterwards, by gradient descent or variations, the values of all parameters (which is 

the weights of each input and the bias) are changed in such a way that the value of the cost 

function is minimized (depending on its sign and measure derivative in each step). 

Then, it tries cluster or classify with the new parameters and the same process is 

repeated. Finally, the cost function will converge to a minimum value and the system will 

more often predict the exit. 
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2.2 Recurrent Neural Networks 

 

In the case of sequential data, such as text or speech signals, in which there are high 

dependencies between the data features, then really helpful, are the RNNs or Recurrent 

Neural Networks.  

 

In contrast to RNNs, in a typical Feed-

Forward Neural Network like the ANNs we 

described, the information only moves in one 

direction, from the input layer, through the 

hidden layers, to the output layer [2]. The 

information moves straight through the 

network. Because of that, the information never 

touches a node twice. In a RNN, the 

information cycles through a loop. When it 

makes a decision, it takes into consideration the 

current input  

and also what it has learned from the inputs it 

received previously. Therefore a Recurrent Neural Network has two inputs, the present and 

the recent past. This is important because the sequence of data contains crucial information 

about what is coming next, which is why a RNN can do things other algorithms can‘t. 

 

RNN‘s have two major obstacles, the exploding gradient and the vanishing gradient. 

The exploding gradient is the assignment of a really high importance to the weights. 

Vanishing gradient is when the values of a gradient are too small and the model stops 

learning or takes way too long to learn. LSTM solved both of these issues. 

 

LSTM or Long Short-Term Memory networks are an extension of recurrent neural 

networks. They are well suited to learn from important experiences, past data points, that 

consist of long time lags [3]. 

 

Figure 3: Basic RNN architecture 
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LSTM consists of many complex cells, with 3 gates each, input, output and forget. A 

gate is basically a neuron consisting of parameters that can be tweaked and optimized to 

minimize the cost function just like in the rest of neural networks. This happens with 

variations of the backpropagation algorithm. Each gate has each own parameters, different 

activation functions and different inputs and outputs.  

 

A feature of LSTM is that it maintains two internal states and the neuron structure, mainly the 

forget gate, enables the network to learn what it should "remember" at any stage of the 

sequence. A common example is language modeling with LSTM 

 

 
 

Figure 4 : LTSM chain along with the gates 

 

The input of the cell Xt at time t (for data organized in time sequence) is fed to the 

various gates (Ft, It, Ot) and based on the parameters of the gates and the states ct, ht 

determine the output ot and the states of the cells in the next step. At a LSTM layer, the 

internal states are vectors of length L, so after processing the input, a vector with L attributes 

appears as the output of the plane. At the output it is possible to also obtain a sequence of the 

same length as the original, consisting of the outputs Ot [L] for each step of the input 

sequence. Finally, we are able to get the Ct, Ht states either at each step of the sequence, or 

only the last state (after passing the whole sequence). 

 

 

2.3 Arima vs LSTM 

 

All observations in Time Series data have a time stamp associated with them. These 

observations could be taken at equally spaced points in time or they could be spread out 

unevenly. Any time series data has two components – trend (how data is increasing or 

decreasing over time) and seasonality (variations specific to a particular time frame). For 

time-series data two of the most common analysis approaches are forecasting and pattern and 

outlier detection [4].  
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Forecasting [16] time series data has been around for several decades with techniques 

like ARIMA [8]. Recently Recurrent Neural Networks (LSTM) have been used with much 

success. 

 

Advantages of using ARIMA : 

● Simple to implement, no parameter tuning 

● Easier to handle multivariate data 

● Quick to run 

 

Advantages of LSTM:  

● No pre-requisites (stationarity, no level shifts)  

● Can model non-linear function with neural networks 

● Needs a lot of data 

 

Since we didn‘t want to deal with the stationarity, seasonality and trend of our data 

series and having to convert it specifically for ARIMA, we decided to use LSTM.  
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Chapter 3: Building the Dataset 

 

3.1 System Architecture 

 

 

Figure 5: Dataset building system architecture 

 

3.2 API feed 

 

Using the game‘s API we downloaded data for 2 3-month seasons. That data included 

snapshot throughout the time of all the player‘s stashes and the items they have put up for 

sale. Each stash had a unique id and since the snapshots were historical, each new snapshot of 

an already seen stash indicated that an item has been removed, and thus sold, or that it had a 

different price.  

 

3.3 Processing the API feed and generalization of mods 

 

After downloading the API feed, the next step was reading through it and ―cleaning‖ 

it to a more readable form, as we needed to save the data in a document based database. 

Another problem was the different mods of the items. It was important to generalize them 

and turn them to features with ranges. Mods could be either ranged - defined by a range of 

values - or discrete which meant either an item had that mod or it didn‘t. Using regex the 

mods were generalized. 
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Feature  

Types 

Examples of item features Generalized feature Feature as seen in 

game 

{feature in dataset} = 

{value in dataset} 

Ranged +(12-20) to maximum Life # to maximum life +15 to maximum Life # to maximum life = +15 

Ranged +(20-30)% to Cold Resistance #% to cold resistance 15% to Cold 

Resistance 

#% to cold resistance = 15 

Ranged (8-12)% Chance to Block #% chance to block 9% Chance to Block #% chance to block = 9 

Discrete 3% reduced movement speed #% reduced 

movement speed 

3% reduced movement 

speed 

#% reduced movement speed 

= 1 

 

Table 1: Feature generalization 

 

Feature Types: 

● Ranged: Ranged features can have a range of values. 

● Discrete: Discrete features can only have specific values and are only seen with these 

values. For that reason in our dataset, if this feature appeared in the item, it had a 

value of 1 but if it did not appear it had a value of 0. 

 

 

 

 

Steps:  

1. Data mine all the different mods that could appear for unique and rare items for each 

different category 

2. Generalize the mods using regex and convert them to features/columns for the 

respective dataset 

 

In the process of reading the API we were also able to engineer additional features: 

● date & time : since we were making API calls we were able to save the time and thus 

have a date and time for each stash feed. Since the API feed downloaded didn‘t have a 

date and time we wouldn‘t be able to treat unique items as a time series problems if 

we did not create the feature ourselves 

● Exalt conversion rate and converted currency to chaos: after acquiring the daily 

conversion rates for all types of currencies from poe.ninja we were able to convert all 

currencies to chaos (the main currency used for trading in the game) as well as the 

daily exalt conversion rate, indicating the inflation of the market with more items in 

price and amount. 

 

3.4 Dataset building and storing 

 

The aggregation software developed run for 6 months consuming the feed from the 

game servers. 

It concluded in more than 7 TB of uncompressed data in the form of json files. 
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The feed schema is highly nested so the final storage that would process it should avoid a 

strict relational schema like RDBMs because the complexity of inserting or updating a record 

as well as the time consumed would be significant. 

MongoDB was chosen as the storage for the final processed feed as it is more suited to host a 

document schema efficiently. 

Using  MongoDB native characteristics - document oriented, very fast, really flexible when it 

comes to field addition and deletion - and its latest transaction capabilities since July 2018  – 

although immature – the final process of the feed and the dataset was possible [5].  

 

To build the dataset we used 2 types of collections: 

 

● stashes_snapshot: we needed a way to figure out which items were being sold and to 

save the last snapshot of each stash. This was achieved through the stashes_snapshot 

collection. When reading a stash_feed file, for each stash_id we were processing we 

were checking the following : 

 

○ Have we seen it again? If not then we had to add the whole stash to the 

stashes_snapshot 

 

○ If we have seen it again, we had to check each of the items whether it existed 

before. If not we add it to the snapshot. If an item which previously existed in 

the stash snapshot now doesn‘t exist, that means it has been sold. These items 

were added to the transactions collection 

 

○ By comparing when the item was added, and when it was sold we built the 

feature days_in_snapshot, indicating how long it took for the item to get sold. 

Generally items that were correct in price took less than 3 days to get sold, 

more valuable items took over 3 days but less than 7 days to get sold and 

anything more than 7 days was more or less an outlier with only a handful of 

exceptions. 

 

● transactions: In this collection we stored the items that were sold. Every time we did 

that we added the feature ―days_in_snapshot‖ indicating how many days passed 

before an item was sold. If an item was taken off the stash and added back in, we 

removed the previous transaction and updated its price.  

 

3.5 Dataset evaluation 

 

Checking the correctness of generalized features was crucial for the dataset quality.  

Features in the dataset were cross-referenced with the available game features we built. 

Any features existing in the dataset and not found in the feature set or any errors that 

occurred during the generalization led to observation deletion.  
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3.6 Selecting items/categories to analyse 

 

Making the dataset for one season for all items took a lot of time and a lot of 

computing power so we had to choose specific categories to analyse from the rare items, as 

well as specific uniques to analyse as time series data. For that reason we assumed that 

making the database for 7 days for all the items was representative of the whole season and 

after analysing each item and each category we would be able to choose which ones we 

would build our dataset with. 

 

3.6.1 Rares 

 

For the rare items, we checked how many sales have happened in those 7 days, how 

many features there were and their correlation values to the price the item was sold. We also 

picked categories with good allocation of features and price along all the observations as we 

didn‘t want to deal with a dataset skewed highly to specific prices and features. Moreover, we 

built histograms of the different prices per category before and after removing outliers. 

 

 

3.6.2 Uniques 

 

For the unique items, we opted for items with good standard deviation and variance of 

price, as well as 2 types of items : one without features that had correlation > 0.1 to perform 

univariate forecasting and one with at least 4 features with correlation >0.1 to perform 

multivariate forecasting.  

The uniques we choose should also have an adequate number of transactions to support time-

series analysis of 24 hours per day. 

 

Table 2: Uniques selection list (excerpt) 
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Since the standard deviation of the item‘s price was skewed heavily by outliers, we 

removed them after testing different threshold values for IQR and Z-Score methods.  

Threshold value of 70% gave the best results. If an item had a standard deviation < 5, it was 

not worth considering since that meant its price didn‘t change throughout the dataset and thus 

it wasn‘t fitted for analysis. 

The number of features of an item was also a really good indicator, since it helped to decide 

which items to choose for multivariate time-series analysis. 
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Chapter 4: Uniques Dataset  Analysis - Forecasting future prices 
 

4.1 The Dataset 
 

For this part of the problem we chose 2 unique items each for a different kind of reason: 

 

● Tabula Rasa Simple Robe  

This item had no features with correlation > 0.1 or <-0.1 since the item generally has 

no mods. For that reason the only feature that contributed to the item‘s price was the 

daily exalt conversion rate which indicated the inflation of the market. As we can see 

the first days of the season, this item is highly valuable and drops drastically as the 

days go by or in other words as the market inflates and the ex_conv_rate(daily exalt 

conversion rate) increases and then the price increases again and follows the trend of 

the daily exalt conversion rate. 

 

 

Figure 6: Tabula Rasa price (price_amount) , exchange conversion rate (Ex_conv_rate)  

plot  

 

 

● Windripper Imperial Bow  

Selected to perform multivariate forecasts on it since it consisted of features with 

correlation_value > 0.1 and <-0.1. Also, those features didn‘t vary a lot in their ranges 

. Lastly, there is a high correlation value between the ex_conv_rate and the price of 

the item since the item was originally sold in exalts and it was converted to chaos, but 

also because as the players amass more riches during the season, the expensive items 

rise in price. 
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Figure 7: Windripper Imperial Bow price (price_amount) , exchange conversion 

rate (Ex_conv_rate)  plot  

 

 

 

For each of the above items, each observation consisted of the following features : 

● Generalized features 

● Date 

● Days_in_snapshot 

● Ex_conv_rate 

● Price_amount 

● Time 

● Time_hours 

 

 

4.2 Outliers 

 

Outliers are observation points, too distant from the other observations. We remove 

them because they distort the picture of the data we obtain, using statistics and data 

visualization. We can use boxplots or barplots to visualize them. When our goal is to predict, 

our models are often improved by ignoring outliers. Here we want to forecast future prices 

and outliers would skew our line plots in certain time-periods.  

 



   
 

Page 25 of 109 
 

To remove outliers from our dataset we used either the IQR method or the Z-Score 

method and we also removed observations that had days_in_snapshot > 5, since those 

observations were of low confidence. 

 

The Z-score is the signed number of standard deviations by which the value of an 

observation or data point is above the mean value of what is being observed or measured. If 

the value of an observation is above a certain threshold, we consider this an outlier. The 

interquartile range (IQR), also called the midspread or middle 50%, or technically H-spread, 

is a measure of statistical dispersion, being equal to the difference between upper and lower 

quartiles, IQR = Q3 − Q1.  

 

Below we see the price_amount for different high quartiles (thresholds) of IQR and Z-

score respectively for the items Tabula Rasa and Windripper. As we see Z-score has almost 

no impact on our dataset and IQR high quartiles of 0.7 to 0.8 give the best results. 

 

 
Figure 8:   Tabula Rasa Simple Robe – IQR threshold comparison  
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Figure 9:   Tabula Rasa Simple Robe Z-score threshold comparison  

 

 

 

Figure 10:   Windripper Imperial Bow – IQR threshold comparison  
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4.3 Feature Selection 

A handful of different techniques were used for feature selection.  

 

4.3.1 Missing Value Ratio 

 

While exploring the dataset we found out that many of the features had a high 

percentage of missing values. For that reason, we could remove those features since they 

didn‘t contribute much information. 

 

4.3.2 Low Variance Filter 

 

Calculating the variance of each variable, we dropped the variables that had too little 

to no variance at all, since those variables would not affect the target variable which is the 

price_amount. 

 

4.3.3 Correlations 

 

Using pandas‘ ‗corr‘ method to find the cross-correlations of features, we decided to 

remove features with correlation_value lower than 0.2 and higher than -0.2 to 0. The methods 

that were used were either Spearman or Kendall which are generally computed on ranks and 

so depict monotonic relationships, while Pearson was not used since it is on true values and 

depicts linear relationships [6]. This method wasn‘t preferred compared to the others. 

 

Figure 11: Tabula Rasa Simple Robe Correlation Matrix  
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Figure 12: Windripper Imperial Bow  Correlation Matrix  
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4.3.4 Random Forest 

 

Random Forest came packaged with in-built feature importance, so by using it we 

could find out which features contributed to the target variable. 

 

 

Figure 13:  Feature importances – Tabula Rase Simple Rose 

 

There are no features of relative importance except the ex_conv_rate. For that reason 

we can perform univariate time-series analysis of the item without worrying that we lost 

information from important features 

Figure 14:  Feature importances – Windripper Imperial Bow 
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4.3.5 Backward Feature Elimination 

 

● We first take all the n variables present in our dataset and train the model 

using them 

● We then calculate the performance of the model 

● Now, we compute the performance of the model after eliminating each 

variable (n times), i.e., we drop one variable every time and train the model on 

the remaining n-1 variables 

● We identify the variable whose removal has produced the smallest (or no) 

change in the performance of the model, and then drop that variable 

● Repeat this process until no variable can be dropped 

 

 To achieve this we used rfe from sklearn.feature_selection library with many 

algorithms included but not limited to Linear Regression, Logistic Regression, Random 

Forest, Decision Trees etc. From the above the most consistent results were from Decision 

Trees. 

  

 

 

 

 

4.3.6 Forward Feature Elimination 

It‘s the opposite process to Backward Feature Elimination. Instead of eliminating 

features, we try to find the best features which improve the performance of the model. To 

achieve this we used f_regression from sklearn.feature_selection library 
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4.4 Convert irregular time series to regular 

 

Unevenly (or unequally or irregularly) spaced time series is a sequence of observation 

time and value pairs (tn, Xn) with strictly increasing observation times [7]. As opposed to 

equally spaced time series, the spacing of observation times is not constant. A common 

approach to analysing unevenly spaced time series is to transform the data into equally 

spaced observations using some form of interpolation - most often linear - and then to apply 

existing methods for equally spaced data.  

 

Initially our data did not have the characteristics of time-series data, that is the observations 

were not a sequence of equal time segments.  

 

4.4.1 Adding a Time index 

 

Initially our data did not have the characteristics of time-series data, meaning the 

observations were not a sequence of equal time segments. For that reason our first step was to 

use the pd.to_datetime method of pandas and by combining our date and time features get a 

dateTime index. Using that our next step was to break the data down to equal segments by 

setting up a frequency and interpolating the observations.  

 

 

 

4.4.2 Resampling 

 

Table 3: Adding a time index - Uniques 

 

It can be observed that the date_time index of each observation is in a different time-

period or in other words in a different frequency. To turn the dataset into a time-series one we 

also need to increase the frequency of our samples, such as from minutes to seconds, or 

decrease it such as from days to months. These processes are called resample. In both cases, 

data must be invented. Here we chose to downsample from minutes to hours.  
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4.4.3 Interpolation 

 

In this part we had to solve two problems of irregular data: empty segments that occured after 

resampling by not having any observations during these time-periods and segments with 

multiple values that we had to break down to one value. For that reason we had to interpolate 

our data. Interpolation is a method of constructing new data points within the range of a 

discrete set of known data points. The processes we followed were filling and flattening.  

 

Table 4: Resampling - Uniques 

 

We can inspect that there are multiple observations for the same date_time index and we need 

to interpolate to a certain frequency and flatten the multiple values. 
 

 

 
Table 5: Missing values - Uniques 

 

Missing days between 13 of July and 16 of July. Our dataset needs to be filled between these 

days with default values following a distribution, to be turned into a regular time-series 

dataset. 
 

 



   
 

Page 33 of 109 
 

Filling 

 

We filled empty segments with either backfilling or forward filling, linearly which 

followed a linear distribution between the last and first seen values between the missing 

segments or by using pchip (Piecewise Cubic Hermite Interpolating Polynomial) which is 

typically used for interpolation of numeric data to obtain a smooth continuous function. We 

decided to use the pchip method since it was shape preserving and visually pleasing. The key 

idea was to determine the slopes so that the interpolant does not oscillate too much [10].  

 

Flattening 

 

To have one observation per time unit we had to flatten our data. Flattening 

observations referring to the same time unit is performed using the mean, the median or the 

mode of all the values in a segment or with a custom function. For most of the different 

features we used the median but for the target variable, price_amount, we used the mean 

since in contrast to the other features, price_amount values varied a lot more. The difference 

between the two can be seen in the plot below.  

 

 

 
 

Figure 15 : Tabula Rasa – pchip vs linear filling method 
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Figure 16 : Tabula Rasa – mean  vs median filling method 
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4.5 Time Series Analysis  

For Time Series Forecasting using the Long Short-Term Memory(LSTM) Network 

we try to provide momentum indicators of the prices of unique items. Before we dive into 

forecasting and LSTM, there are some important parameters and arguments that need to be 

explained. 

 

Input Timesteps(Lag) 

Traditional neural networks take in a stand-alone data vector each time and have no 

concept of memory on data. LSTM networks keep a context of memory within their pipeline 

and thus become powerful at tackling sequential and temporal problems without the issue of 

the vanishing gradient affecting their performance. The ―memory‖ our network keeps is the 

lag. For each forecast, we feed a lag of sequential information to our network, for it to learn 

from. 

 

Forecasting Sequence 

If the lag is the input, forecasting sequence is the output. It is the time-period window 

our model will try to forecast. 

 

Train / Test Split 

Just like in ANN‘s, using LSTM we have to split our dataset to a train set and a test 

set. There are a few differences though: 

● Splitting cannot be on a shuffled dataset. We have to decide beforehand how 

many time-periods we will use as training. 

● Lag cannot be higher than the train dataset. 

● Train and test splits are sequential, just like before the split and train split 

precedes the test split. 

 

 

Normalization 

Since the starting price of an item is different for each 3 month season, we decided to 

take each n-sided window of training /testing data and normalize it to reflect percentage 

changes from the start of that window.  

 

Epochs 

An epoch is simply one forward pass and one backward pass of all the training 

examples. Training for more epochs makes our model better but also more prone to 

overfitting. 

 

Batch Size 

Batch size is the number of training examples in one forward/backward pass. The 

higher the batch size, the more memory space we need. It has been observed in practice that 

when using a larger batch there is a significant degradation in the quality of the model, as 

measured by its ability to generalize. 
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Dropout 

Dropout is a regularization method that approximates training a large number of 

neural networks with different architectures in parallel. 

 

During training, some number of layer outputs are randomly ignored or ―dropped 

out.‖ This has the effect of making the layer look like and be treated like a layer with a 

different number of nodes and connectivity to the prior layer. In effect, each update to a layer 

during training is performed with a different ―view‖ of the configured layer. For example, a 

Dropout layer with a rate of 0.2 has a 20% chance to drop each neuron. 

 

Loss Functions 

A loss function is used to optimize the parameter values in a neural network model. 

Loss functions map a set of parameter values for the network onto a scalar value that 

indicates how well those parameter accomplish the task the network is intended to do. It is 

essentially a mathematical way of measuring how wrong our predictions are. Loss is that 

measure. 

 

Optimizer 

During the training process, we change the parameters of our model to try and 

minimize the loss function and make better, more accurate predictions/forecasts. Optimizers 

tie together the loss function and the model parameters by updating the model in response to 

the output of the loss function [11]. 

 

Activation Function 

The activation function of a node defines the output of that node, or "neuron," given 

an input or set of inputs. This output is then used as input for the next node and so on until a 

desired solution to the original problem is found. If we do not apply an Activation function 

then the output signal would simply be a simple linear function. 

 

HyperParameters 

A hyperparameter is a parameter whose value is set before the learning process 

begins. By contrast, the values of other parameters are derived via training. Different model 

training algorithms require different hyperparameters . These hyperparameters are going to 

be optimized later on using a method called Grid Search. Our hyperparameters here were:  

● Input timesteps 

● Forecasted sequence 

● Train / test split 

● Epochs 

● IQR high quantile 

threshold 

 
 

● Loss 

● Optimizer 

● Learning rate for SGD 

● Neurons of different LSTM and Dense 

layers 

● Activation Function 

● Dropout rate 
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4.6 Univariate Unistep vs Univariate Multistep Time-Series Analysis using 

LSTM 

 

As previously mentioned, we used the item ―Tabula Rasa‖ because it did not consist 

of important features that could affect its price except the daily conversion rate of exalts. On 

it, we perform 2 types of analyses, unistep and multistep. Unistep, or point by point, is the 

prediction of a single time-period ahead of time, plotting this prediction and then taking the 

next window along with the full testing data and predicting the next point along once again.  

 

The multistep prediction will be done in two parts. The first will consist of a full 

sequence prediction, by initializing a training window and training our model on it. The 

model then predicts the next point and we shift the window by one time-period to the right, 

just like the point by point method. The difference is we then predict using the data that we 

predicted in the prior prediction. In the second prediction we have one predicted data point, in 

the third 2 predicted data points and so forth [9]. After we predict points equal to the input 

sequence, our next prediction consists of only predicted data points. This allows us to use the 

model to forecast many time steps ahead, but as it is predicting on predictions which can then 

in turn be based on predictions this will result in increased error rate of the predictions the 

further ahead we predict.  

 

The second part is a multi-sequence prediction. This is a blend of the full sequence 

prediction in the sense that it still initializes the testing window with test data, predicts the 

next point over that and makes a new window with the next point. However, once it reaches a 

point where the input window is made up fully of past predictions it stops, shifts forward one 

full window length, resets the window with the true test data, and starts the process again. In 

essence this gives multiple trend-like predictions over the test data in order to analyse how 

well the model can pick up future momentum trends [17].  

 

All the processes were created using the Tensorflow and Keras Libraries as well sklearns 

multiple libraries[12]. 
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Figure 17 :  Point to point forecast sequence length 9 frequency  periods, 200 epochs, split 

0.4, dropout 0.10, network neurons 100,150,250,activation function linear, optimizer adam, 

learning rate 0.5 

 

With RMSE = 0.01855 the point to point forecasting is a pretty accurate representation of 

what is going to happen in the following time-period. 

 

In contrast, our full sequence forecasting below tries to predict what will happen in the first 

time-periods but afterwards, building solely on other predictions, fails to forecast and the 

RMSE increases rAPIdly. 

 

Figure 18:Full sequence forecast sequence length 9 frequency periods, 200 epochs, split 0.4, dropout 

0.1, network neurons 100,150,250,activation function linear, optimizer Adam, learning rate 0.5 
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Lastly, we can see the Multistep forecast plot. With a split of 0.4 (or roughly 30 days) it can 

predict trends (and sometimes the amplitude of trends) for a good majority of the time-

periods. While it is not perfect, it is a good indication of the usefulness of the model. 

 

 
Figure 19: Multisteps forecast sequence length 6 frequency periods, 200 epochs, split 0.4, dropout 

0.2, network neurons 100,150,activation function linear, optimizer Adam, learning rate 0.5 

 

Grid Search 

To improve our results we have to tune our hyperparameters. For that reason we used 

Grid search. Grid search is used to find the optimal hyperparameters of a model which results 

in the most ‗accurate‘ predictions. Grid search builds a model for every combination of 

hyperparameters specified and evaluates each model. For point to point predictions, we 

calculated the RMSE of predictions for each model and picked the one with the lowest 

RMSE, whereas for full sequence predictions all our results were bad and building on 

multiple errors didn‘t give a good representation of future prices.  

 

The parameters we optimized and the ranges we optimized them on can be seen below. It is 

important to note that using a sgd optimizer gave far worse results than adam for any learning 

rate we initialized it on and for that reason we stopped the test early since it would double the 

size of our permutations. 
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Table 6: Best and worst RMSE results after GridSearch optimization - Uniques 

 

 

For multistep forecasts we could not compare different sequence lengths, and depending on 

the train and test split each forecasted trend was on a different time-window and had a 

different length. For that reason the metrics rmse, mae or mape were not representative of the 

performance of the model and its ability to forecast trends. The decision for the best model or 

models was done purely by observing each different result plot. 

 

Generally for splits higher than 0.5, the model overfitted and the trends did not have positive 

or negative peaks. Raising the dropout rate or adding more dropout layers did not change 

that.  

 

For sequence length higher than 10, the predictions had a big error as each next prediction-

point was based on more predictions-points.  

 

One sweet spot for 8 hours and 12 hours resampling frequency was the sequence length of 6. 

Our model could almost always predict if the price of the item would rise , fall or sudden 

changes as well as the amplitude of those trends. 

 

One parameter that was also really important was the activation function. Since we 

normalized our variables and predicted change percentages, any activation function that 

could not produce negative results could not be used. From tanh and linear activation 

functions, the linear gave the best results. 

 

Testing optimizers, sgd could not be used, even after testing from a learning rate of 0.01 to 1, 

since it did not produce any results. Adam was the only one that gave good results. 
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Figure 20: Multistep forecasts sequence length 8 frequency periods, 200 epochs, split 0.3, dropout 

0.1, network neurons 100,150,250,activation function linear, optimizer sgd,learning rate 0.5 

 

Lastly epochs and the neurons of each layer were really important to be kept in low numbers, 

200 epochs maximum and 100 and 50 neurons in first and second layer, since the more 

epochs or more neurons a layer had the easier the model overfitted. That means that our 

forecasts could not have any peaks be it negative or positive. 
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Figure 21: Multistep forecasts sequence length 6 frequency periods, 200 epochs, split 0.4, dropout 

0.2, network neurons 100,150,activation function linear, optimizer Adam, learning rate 0.5 

 

One parameter that played a big role was the rate of the dropout layer as well as how many 

dropout layers there were in our neural network. Using 2 dropout layers of 0.1 rate and 0.2 

rate gave us the best results. It lowered the amplitude of the forecasted trends and it enabled 

the model to predict more price troughs. 

 
Figure 22: Multistep forecasts sequence length 6 frequency periods, 300 epochs, split 0.4, 

network  100 dropout 0.1,100,250 dr 0.2,activation function linear, optimizer Adam, learning rate 0.5  
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4.7 Multivariate Unistep vs Multivariate Multistep Time-Series Analysis 

using LSTM 

 

In multivariate time-series analysis, we had to choose an item with features that followed 

certain rules:  

● They had to have a correlation of 0.2 or higher 

● They had to appear in a big percentage of observations. 

 

 

 

Following the second rule any feature which followed the format ―co_‖ had to be removed as 

seen below. 

Table 7: ‗co_‘  features and their appearance percentage - Uniques 

 

Following the univariate example, we first made point-to-point predictions and then tried to 

forecast multiple trends. This time we experimented with different features to showcase how 

removing features could affect the overall information gain, which we represented by 

calculating the RMSE value [14].  

 

We run the same model using 5, 6, 7, 8 and 9 features.  

The optimal neural network consisted of 3 LSTM layers with 100, 50 and 50 neurons 

respectively as well as 1 dropout layer set on 0.3 dropout rate. The last layer was a dense 

layer with a linear activation function. 

The hyperparameters and the ranges we experimented with, as well as the results, can be seen 

below. 
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 Table 8: Results grid after fitting models produced using hyperparameters – Uniques 

 

As seen above, the results we got were better (smaller RMSE) when more features were used, 

since there was less information loss. Also shorter sequence length resulted in smaller rmse 

and fewer epochs resulted in less overfitting and therefore a better rmse value.  

 

Figure 23 :  Point to point forecast sequence length 6 frequency 

periods, 100 epochs, split 0.4, dropout 0.3, network neurons 100,150,250,activation function linear, 

optimizer adam, learning rate 0.5 
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The same can be observed for multistep forecasting [15]. When the train/test split is kept at 

0.4 it seems to be the optimal value for predicting trends at low sequence lengths. As for 

epochs, with 100 or less epochs, the model can fairly accurately forecast trends. Also, a 

dropout rate of 0.2 or 0.3 allows the model to predict sharper troughs. Neurons didn‘t play 

that much of a role but at the higher values we predicted less peaks.  

 
Figure 24: Multistep forecasts sequence length 9 frequency periods, 200 epochs,split 0.5, network   

100,250 dr 0.1,activation function linear,optimizer adam,learning rate 0.5 

 
 

Figure 25: Multistep forecasts sequence length 9 frequency periods, 100 epochs,split 0.5, network   

100,250 dr 0.1,activation function linear,optimizer adam,learning rate 0.5 

 

Overall, as seen also in the plots above for 5 and 9 features respectively, having more 

features, allowed our model to forecast better trends and their amplitudes [18].  
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4.8 Conclusion 

 

While the process of forecasting seemed difficult at first, we managed to get really good 

point to point forecasts for unique items as well as good multistep forecasts. Although the 

evaluation process of multistep forecasting was not optimal, we could find specific 

hyperparameters which worked best by observing our plots and draw conclusion from those.  

 

Having complete observations for each unique item in the game, we could build models for 

each one and then automate the process of forecasting their prices.  One idea for picking out 

the best model after hyperparameter optimization would be to evaluate each model according 

to a certain purpose e.g. predicting market returns to trade with and using as metric the 

bottomline profit and loss (PnL).  
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Chapter 5: Rares Dataset Analysis - Price prediction 

 

5.1 General 

 

Observing the rare items at first glance, the problem was the variable number of features for 

each observation. Considering that each rare item, which meant each observation, could not 

have more than 12 features and the number of observations was around 580.000 (before 

removing outliers), it became apparent that the number of different combinations our 96+ 

features made, far exceeded our observations. Some combinations did not appear at all and 

some other appeared only once.  

 

We tried to tackle the problem a number of different ways, either as a regression problem by 

using different algorithms or different neural networks or by doing the same thing but as a 

classification problem by bucketing the different prices of items.  

 

5.2 The Dataset 

 

For the rare items, we chose to analyse the ―Body Armour‖ category. The dataset consisted 

of: 

● League, rarity, item_category : these columns had to do with categorizing all the 

different datasets from different seasons. Here they don‘t matter so we drop them 

● Generalized features 

● Date , time , time_hours : we did not treat this dataset as a time-series one, therefore 

we dropped those columns 

● Days_in_snapshot : How many days it took for the item to get sold since it was listed 

as available for sale 

● Ex_conv_rate : Daily exalt to chaos conversion rate 

● Price_amount : this is the target variable. It is the price we are trying to predict 

 

 

 

 

One major problem with the dataset was the variable number of features for each observation. 

Each observation, which means each item, cannot have more than a certain number of 

generalized features. That meant that each of these features could not appear in all the 

observations. Some appeared a lot (for example ‗ex_# to maximum life‖ appears in 75.27% 

of our observations) and some other features appear a lot less (for example ―ex_gain 

onslaught for # seconds when hit‖ appear in 0.001891% of our observations)[19].  
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Table 9:  Features in Rares dataset and their appearance percentage 

 

There were a couple of strategies we implemented and tested to overcome this problem:  

 

● Filling the missing values  [13] with a mean, median or mode value : Since some 

features only appear in low priced items or high priced items, and considering that 

some of the features had a different weight of appearance in the game (which means 

that it is more rare to see these ones in one of the items) filling out missing values 

didn‘t help with the accuracy of our model, on the contrary since our dataset consisted 

of almost 60% of observations with price_amount < 2, it made all other prices more 

difficult to predict while leaving the accuracy for low prices almost the same. 

 

● Removing features with appearance lower than a certain percentage threshold: this 

again did not help our model to make better predictions since features which were 

rarer sometimes meant an increase in price. Removing those features lowered our 

prediction accuracy for items with high prices. 

 

In the end, it proved better to not remove any pre-existing features since generally the 

features with low appearance were connected with higher prices. 

 

Dependent variable y (price_amount) distribution  

 

Another problem was the number of observations associated with each different 

price_amount. Bucketing our observations to different price_amount ranges gave us the 

following results. 
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Figure 26: Bucketing price_amount (y) bar plot - Rares 

 

It is clear that we have a lot more observations with price_amount < 2. For that reason 

one idea was to convert the target variable of each observation, price_amount, to follow a 

Gaussian distribution using base log. Converting the price_amount returns the following 

distribution:  

 

 Figure 27: Price_amount (y) Gaussian distribution - Rares 

 

 

 

After running a basic neural network, before taking the natural logarithm of the values and 

after, we get the following results: 
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Table 10: y bucketing before and after applying np.log() transformation - Rares 

 

 

5.3 Feature Engineering  

 

A big part of the problem was using domain knowledge of the data to create new features. 

This was fundamental to getting better results for our algorithms. Those features were: 

● #_of_ele_resistances :  

● #_of_resistances 

● total_ele_resistance 

● total_resistance 

 

 

 

 

 

Partial Dependence 

 

The partial dependence plot [20] shows the marginal effect one or two features have 

on the predicted outcome of a machine learning model. A partial dependence plot can show 

whether the relationship between the target and a feature is linear, monotonous or more 

complex.  

 

Using partial dependence we analysed the dependence of each feature‘s values to the 

target variable and created two new features, no_of_good_features and no_of_bad_features. 

According to domain knowledge, an item that has a number of good features above a certain 

threshold is considered valuable, and an item that has a number of bad features above a 

certain threshold is considered worthless. After engineering these 2 new features we use 

partial dependence again to figure out if our assumption was right in the first place. 
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Figure 28: Features partial dependency plots 

 

5.4 Outliers 

 

As before for outliers we used IQR and Z-Score as our main methods, as well as 

days_in_snapshot < 10. From partial dependence plots we also saw that the higher the 

days_in_snapshot feature the higher the price. This made sense since the more expensive the 

item, the more difficult it is to be sold. We experimented with different IQR thresholds and 

Z-scores but at the end of the day only IQR gave us noteworthy results. Still, by inspecting 

which observations were considered outliers and running our machine learning processes 

both with and without removing outliers, we came to the conclusion that leaving the dataset 

as is, gives us better results overall.  
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Table 11: Outliers existence percentage in Rares dataset (over 150 price) 

 

As we can see by removing outliers, we remove almost ⅓ of our observations with 

price_amount > 150. This lowered our accuracy of predicting prices above that threshold 

sometimes even by half.  

 

Using one of our neural networks, after running the model with and without outliers 

we got an accuracy of 60.2% for prediction items with price_amount > 150 with outliers 

while only 50.7% without outliers.  

 

5.5 Approach - Regression vs Classification 

 

Our initial goal was to build a regression model which could price items within a 

relatively small margin from their actual values. Without using the logarithmic values of the 

price_amount our results were not as good, since we weren‘t able to price any items with an 

accuracy of 42% or above. After the logarithmic transformation our results got better but 

were still lackluster in some cases. 

 

This gave us the idea to bucket our prices in price bins and instead of trying to build a 

regression model, to try and classify in which bin each item belonged to. Using a dynamic 

algorithm, which used the minimum percentage each price bin should have and the maximum 

range from the lower and the higher value of the bin as parameters, we broke down the price 

to segments as seen in the plot below. 

 

Figure 29: y (price_amount) bucketing in Rares dataset 

  

  price >150 

with outliers 0.65% 

without outliers 1.80% 
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5.6 Theory 

 

5.6.1 Machine learning algorithms 

Apart from building neural network models and training them, we also tested basic 

machine learning algorithms such as linear regression, k-means clustering etc :  

 

 

Linear Regression 

In statistics, linear regression is a 

linear approach to modelling the 

relationship between a scalar response (or 

dependent variable) and one or more 

explanatory variables (or independent 

variables). The case of one explanatory 

variable is called simple linear regression. 

For more than one explanatory variable, the 

process is called multiple linear regression. 

This term is distinct from multivariate 

linear regression, where multiple correlated 

dependent variables are predicted, rather 

than a single scalar variable  [21].  

 

In linear regression, the relationships are modelled using linear predictor functions 

whose unknown model parameters are estimated from the data. Such models are called linear 

models. 

Most commonly, the conditional mean of the response given the values of the explanatory 

variables (or predictors) is assumed to be an affine function of those values; less commonly, 

the conditional median or some other quantile is used. Like all forms of regression analysis, 

linear regression focuses on the conditional probability distribution of the response given the 

values of the predictors, rather than on the joint probability distribution of all of these 

variables, which is the domain of multivariate analysis. 

 

Linear classifier 

 

In the field of machine learning [22], the goal of statistical classification is to use an 

object's characteristics to identify which class (or group) it belongs to. A linear classifier 

achieves this by making a classification decision based on the value of a linear combination 

of the characteristics. An object's characteristics are also known as feature values and are 

typically presented to the machine in a vector called a feature vector. Such classifiers work 

well for practical problems such as document classification, and more generally for problems 

with many variables (features), reaching accuracy levels comparable to non-linear classifiers 

while taking less time to train and use.  

 

Figure 30: Linear Regression 
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Decision Trees 

Decision trees build regression or classification models in the form of a tree structure. 

It breaks down a dataset into smaller and smaller subsets while at the same time an associated 

decision tree is incrementally developed. The final result is a tree with decision nodes and 

leaf nodes. A decision node has two or more branches, each representing values for the 

attribute tested. Leaf node represents a decision on the numerical target. The topmost 

decision node in a tree corresponds to the best predictor called root node. 

 

XGBoost 

XGBoost stands for eXtreme Gradient Boosting. It is an implementation of gradient 

boosting machines. The XGBoost library implements the gradient boosting decision tree 

algorithm. This algorithm goes by lots of different names such as gradient boosting, multiple 

additive regression trees, stochastic gradient boosting or gradient boosting machines.  

 

Boosting is an ensemble technique where new models are added to correct the errors 

made by existing models. Models are added sequentially until no further improvements can 

be made. A popular example is the AdaBoost algorithm that weights data points that are hard 

to predict. Gradient boosting is an approach where new models are created that predict the 

residuals or errors of prior models and then they are added together to make the final 

prediction. It is called gradient boosting because it uses a gradient descent algorithm to 

minimize the loss when adding new models. 

 

K - Means Clustering 

A cluster refers to a collection of data points aggregated together because of certain 

similarities.  

We‘ll define a target number k, which refers to the number of centroids you need in 

the dataset. A centroid is the imaginary or real location representing the center of the cluster. 

Every data point is allocated to each of the clusters through reducing the in-cluster sum of 

squares. In other words, the K-means algorithm identifies k number of centroids, and then 

allocates every data point to the nearest cluster, while keeping the centroids as small as 

possible. The ‗means‘ in the K-means refers to averaging of the data; that is, finding the 

centroid [23].  

 

To process the learning data, the K-means algorithm in data mining starts with a first 

group of randomly selected centroids, which are used as the beginning points for every 

cluster, and then performs iterative (repetitive) calculations to optimize the positions of the 

centroids  It halts creating and optimizing clusters when either: 

 

● The centroids have stabilized — there is no change in their values because the 

clustering has been successful. 

● The defined number of iterations has been achieved. 
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K-nearest Neighbors 

In pattern recognition, the k-nearest neighbors algorithm (k-NN) is a non-parametric 

method used for classification and regression. In both cases, the input consists of the k closest 

training examples in the feature space. The output depends on whether k-NN is used for 

classification or regression:  

 

● In k-NN classification, the output is a class membership. An object is classified by a 

plurality vote of its neighbors, with the object being assigned to the class most 

common among its k nearest neighbors (k is a positive integer, typically small). If k = 

1, then the object is simply assigned to the class of that single nearest neighbor. 

● In k-NN regression, the output is the property value for the object. This value is the 

average of the values of its k nearest neighbors.  

 

K-NN is a type of instance-based learning, or lazy learning, where the function is only 

approximated locally and all computation is deferred until classification.  

 

5.6.2 Activation functions 
 

  Activation functions are really important for a Artificial Neural Network to learn and 

make sense of something really complicated and Non-linear complex functional mappings 

between the inputs and response variable. They introduce non-linear properties to our 

Network. Their main purpose is to convert an input signal of a node in a A-NN to an output 

signal. That output signal now is used as an input in the next layer in the stack. 

 

Specifically in A-NN we do the sum of products of inputs(X) and their corresponding 

Weights(W) and apply an Activation function f(x) to it to get the output of that layer and feed 

it as an input to the next layer. 

 

 If we do not apply an Activation function then the output signal would simply be a 

simple linear function. A linear function is just a polynomial of one degree. Linear equations 

may be easy to solve but they are limited in their 

complexity and have less power to learn complex 

function mappings from data. 

 

Non-linear functions are those which have 

degree more than one and they have a curvature 

when we plot a Non-Linear function. Hence, we 

need to apply an Activation function f(x) so as to 

make the network more powerful and add to it the 

ability to learn something complex and 

complicated from data and represent non-linear 

complex arbitrary functional mappings between 

inputs and outputs 

Figure 31: Linear Activation Function 
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Except from the Linear activation function, we also experimented with the following ones: 

 

Swish 

 

With the function   f(x) = x · 

sigmoid(x), 

the swish activation function has 

been observed to work better than 

ReLU on deeper models across a 

number of challenging data sets.  

 

Swish is a smooth, non-monotonic 

function that consistently matches or outperforms ReLU on deep networks applied to a 

variety of challenging domains such as Image classification and Machine translation. It is 

unbounded above and bounded below & it is the non-monotonic attribute that actually creates 

the difference. With self-gating, it requires just a scalar input whereas in multi-gating 

scenario, it would require multiple two-scalar input. 

 

Sigmoid 

 

t is a activation function of form f(x) = 1 / 1 + 

exp(-x) . Its Range is between 0 and 1. It is a S —

 shaped curve. It is easy to understand and apply 

but it has major reasons which have made it fall 

out of popularity - 

 

 Vanishing gradient problem 

 Its output isn‘t zero centered. It makes the 

gradient updates go too far in different 

directions. 0 < output < 1, and it makes optimization harder. 

 Sigmoids saturate and kill gradients. 

 Sigmoids have slow convergence. 

Softmax 

The above functions are not suitable for classification problems, and for that we needed a 

new function. The softmax function is a more generalized logistic activation(sigmoid) 

function which is used for multiclass classification. If the problem was on binary 

classification the sigmoid function would work just as well.  

  

  

Figure 32: Swish Activation Function 

 

Figure 32: Sigmoid Activation Function 
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5.7 Feature scaling 

 

Feature scaling is a method used to standardize the range of independent variables or 

features of data. In data processing, it is also known as data normalization and is generally 

performed during the data preprocessing step. Since the range of values of raw data varies 

widely, in some machine learning algorithms, objective functions will not work properly 

without normalization. For example, the majority of classifiers calculate the distance between 

two points by the Euclidean distance. If one of the features has a broad range of values, the 

distance will be governed by this particular feature. Therefore, the range of all features 

should be normalized so that each feature contributes approximately proportionately to the 

final distance. 

 

Here we had features like ‗ex_# to maximum life‖ with ranges from 1 to 130+ and 

others like ―ex_#% to fire resistance‖ with ranges from 1 to 50. For scaling we experimented 

with 2 different scalers: Min-max scaler and Standard Scaler. 

 

Min-Max Scaler 

In this we subtract the Minimum from all values – thereby marking a scale from Min 

to Max. Then divide it by the difference between Min and Max. The result is that our values 

will go from zero to 1. This is quite acceptable in cases where we are not concerned about the 

standardisation along the variance axes. e.g. image processing or neural networks expecting 

values between 0 to 1. 

 

The downside however is that because we have now bounded the range from 0 to 1, we will 

have lower standard deviations and it suppresses the effect of outliers. 

 

Standard Scaler 

We standardize features by removing the mean and scaling to unit variance.  

The standard score of a sample x is calculated as: 

z = (x - u) / s  

where u is the mean of the training samples or zero if with_mean=False, and s is the standard 

deviation of the training samples or one if with_std=False. 

 

Centering and scaling happen independently on each feature by computing the 

relevant statistics on the samples in the training set. Mean and standard deviation are then 

stored to be used on later data using the transform method. 

 

Comparing the two with a neural network consisting of 2 dropout layers of 0.2 rate, 4 

hidden layers with 400 neurons and a Relu activation function, a linear activation function on 

the output layer, 30 epochs and a batch size of 10000 we got the following results which 

helped us decide to drop the Standard scaler and use the Min Max Scaler :  
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 Table 12: Predicted errors using Standard and MinMax Scalers on Rares dataset 

 

5.8 K-fold 

Cross-validation is a resampling procedure used to evaluate machine learning models 

on a limited data sample. The procedure has a single parameter called k that refers to the 

number of groups that a given data sample is to be split into. As such, the procedure is often 

called k-fold cross-validation. When a specific value for k is chosen, it may be used in place 

of k in the reference of the model, such as k=10 becoming 10-fold cross-validation. 

 

The general procedure is as follows: 

 

● Shuffle the dataset randomly. 

● Split the dataset into k groups 

● For each unique group: 

● Take the group as a hold out or test data set 

● Take the remaining groups as a training data set 

● Fit a model on the training set and evaluate it on the test set 

● Retain the evaluation score and discard the model 

● Summarize the skill of the model using the sample of model evaluation scores 

 

In our problem we experimented with k=5 and k=10 and decided to use k=10 since it gave us 

better results, probably because the more the training set, the more different combinations our 

model trained on. 

 

 

 

 

 

5.9 Grid Search 

 

Before we start our hyperparameter tuning using GridSearch we had to choose our ranges, 

different activation functions, optimizers etc. Also, we had to choose how many hidden 

layers and dropout layers we were going to use.  
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We experimented with the following neural networks :  

● 1 hidden layer 

● 2 hidden layers 

● 2 hidden layers 1 dropout 

● 2 hidden layers 2 dropouts 

● 3 hidden layers 2 dropouts 

● 4 hidden layers 2 dropouts 

● 5 hidden layers 2 dropouts 

 

From the above, using 2 hidden layers and 2 dropouts gave us the best performance overall. 

Using more than 2 hidden layers only increased the time it took to train our model and 

lowered the epochs needed until our model started to overfit. Comparing the two with 

regression gave us the following results:  

 

 Table 13: Grid Search Result grid, best models – Rares  

 

 

As we can see, while our predictions for price_amount < 5 are better, every other price range 

accuracy is worse. 

 

 

 

5.10 Pipelines (scikit-learn) 

 

A typical machine learning task generally involves data preparation to varying 

degrees.  

After a dataset is cleaned up from a potentially initial state of massive disarray however, 

there are still several less intensive yet no less important transformative data preprocessing 

steps such as feature scaling, dimensionality reduction etc. 

 

A typical scenario is to string a number of transformations together and ultimately 

finish off with an estimator of some sort. 

 



   
 

Page 60 of 109 
 

Scikit-learn Pipelines is used here to build such a pipeline of scaling and chaining an 

estimator. 

This method provides many of the same advantages that decoupling does in software 

development. 

 

Advantages include: 

● Flexibility: Units of computation are easy to replace. If you discover a better 

implementation for one chunk, you can replace it without changing the rest of the 

system. 

 

● Scalability: Each bit of computation is exposed via a common interface. If any part 

becomes a bottleneck, you can scale that component independently. Common scaling 

techniques might involve a load balancer or additional backends. 

 

● Extensibility: when the system is divided into meaningful pieces it creates natural 

points of extension for new functionality. 

 

In our case, we stringed together in the same Pipeline the feature scaling, the machine 

learning process and the grid search with k-fold cross validation with k=10. 

 

 

 
Figure 34: SciKit learn pipeline 

 

For regression the process looked like this:  

_________________________________________________________________________________ 

 

estimator = 

KerasRegressor(build_fn=build_model,verbose=1,epochs=epochs,batch_size=batch_size) 

 

estimators = [] 

estimators.append(('standardize',MinMaxScaler(feature_range = (0, 1)) )) 

estimators.append(('mlp',estimator)) 

pipeline = Pipeline(estimators) 

 

kfold = KFold(n_splits=10, random_state=seed) 

 

gridsearch_parameters = configs['gridsearch_model'] 
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grid_search = GridSearchCV(estimator = pipeline, 

                                   param_grid = gridsearch_parameters, 

                                   scoring='neg_mean_absolute_error',cv=kfold) 

 

grid_search = grid_search.fit(X,y) 

         

#to get the best parameters 

print(grid_search.best_params_) 

 

_________________________________________________________________________________ 

 

 

5.11 Evaluation Metrics 

 

Analysing the problem with regression algorithms, the metrics we could use were 

mean squared error, mean absolute error or mean absolute percentage error. Even though all 

3 could be used to measure the accuracy for continuous variables, none of the above really 

helped us determine why our model was wrong in our predictions, which price_bucket had 

the best accuracy and how that accuracy changed with different hyperparameters.  

 

For that reason we coded our own accuracy measurement for regression, calculating 

the error percentage of each of our predictions. If our prediction was less than 40% of the real 

price, then we counted the prediction as correct for the price bucket of the real price. That 

way we calculated the prediction accuracy of each price bucket.  

 

Analysing the problem using classification, we not only calculated the overall 

accuracy of each model using sklearn‘s built in metrics library, but we also calculated the 

overall accuracy of each price bucket. 
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5.12 Results 

Calculating the prediction accuracy for our regression and classification models after grid 

search we get the following diagram. 

Figure 35: Prediction accuracy using models generated from hyperparameters technique - 

Rares 

We can see that each classification model gives higher prediction accuracy than any other model. 

XGBoost has a 66.76% accuracy which is pretty significant for an out of the box with no tuning 

algorithm. The ―middle‖ accuracy models from 57% to 53% consist of Decision Trees for 

classification and all the other regression models with Linear and Swish activation functions. Only 

one model with a Sigmoid activation function has 53% accuracy and all the others are below 47%. In 

fact, without this exception, every model with a Sigmoid activation function underperforms.  

From the above diagram we could say that we should just use a classification approach to our problem 

and just select the model with the best accuracy. Although this would be correct for our overall 

accuracy, we get no information for the accuracy per price bucket. Considering that our dataset does 
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not have a good distribution of price ranges, consisting 60% of price ranges from 0 to 2, it 

could very well over perform for these price ranges and underperform for others. 

For this reason, we need to take a closer look to the accuracies per price bucket, breaking the 

problem down to 3 different cases: the high overall accuracy range, the middle and the low.  

High prediction accuracy models 

Figure 36: Accuracies per bucket for high accuracy models - Rares 
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As suspected, our model performs exceptionally well for the (0, 2] price range with a 

prediction accuracy of over 95% using XGBoost. Observing the other price ranges we get a 

decent prediction accuracy of 65%+ for items on the range of (50,150] as well as on the range 

of (10, 30]. For items on the price range of 150 and over the only model that comes close to a 

35% is the classifier with 50 epochs, using all features and without outliers.  

For the ranges of (2, 5] and (30, 50] our models are bad having a 20-22% accuracy. But for 

the range of (5, 10] no model can even come close to a 10% accuracy. If we used that model 

to classify the price of an item, we could be mostly correct for 3 of the price ranges, but be 

absolutely wrong for the other 4. This confirms our suspicions that relying solely on the 

overall prediction accuracy of a model would not give us the optimal results.  

Middle prediction accuracy models  

Taking a look at each price range individually we can draw the following conclusions:  

 For the (0, 2] price range we observe that each regression model has a lower 

prediction accuracy from the only classifier in our group, which used Decision Trees, 

but also from the other classifiers in our previous diagram. The best model from 

regression is the one using a Swish activation function, running for 30 epochs without 

outliers and using 45 features after feature selection.  

 For the (2, 5] price range we get an almost 53% prediction accuracy when running 

regression with 45 features, for 50 epochs, using a Linear activation function and 

without removing outliers. Just like before the model that performs the worse is the 

classification model. Using a Swish activation function we get an accuracy of 41% 

approximately or worse with 20 epochs dipping to a 30% accuracy. This is a lot better 

than just using a classification model, which had 25% accuracy. In other words, using 

regression instead of classification we double our accuracy for this price range 

 For the (5, 10] price range our accuracies are not as bad as before, but we still cannot 

predict with a higher than 40% accuracy if an item belongs to this price range. Using 

a Swish activation function we get an accuracy of over 36%. We also observe that not 

removing outliers lowers our prediction accuracy, probably because these outliers 

were observations on the higher price ranges but had combinations of items that 

belonged to a lower price range. 

 For the (10, 30] price range using regression we get a lower accuracy by almost 10%. 

Whatever the hyperparameters, the accuracies were really close, with the exception of 

activation functions with Linear being the to one give us the best results (from 54.7 to 

56.6%)  

 For the (30,50] price range we see an increase in accuracy of almost 3 times from the 

highest classification algorithm being the Decision Trees one with an accuracy of 

26.7%. With regression we get an accuracy of 68.7% using a Linear activation 

function with 50%, with Swish being a close second with an accuracy of 68.6%. The 

increase in epochs after the value of 50 doesn‘t increase our accuracy since we see our 

model with 100 epochs and a Linear activation function having a lower accuracy. 

 For the (50,150] price range our regression models are as good as our classification 

ones and even better, since using a Swish activation function with 50epochs and 

without outliers, gives a 68.88% accuracy and with a Linear activation function we 

have a 67.2% accuracy.  
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 For the 150 and over price range for 50 epochs using a Swish activation function we 

get 51.87% accuracy whereas using classification we got a 35.51% accuracy.  

 

Figure 37: Accuracies per bucket for high accuracy models - Rares 
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Low prediction accuracy models  

As we can see the reason our last models had such low overall prediction accuracy, was 

because they could not predict any item from 5 to over 150 price. That is because of the 

nature of the sigmoid function which, as previously mentioned, cannot output negative 

numbers. Even though a price of an item cannot have negative values, we used base 

logarithmic function on all prices to get a better distribution and that resulted in negative 

target variables and that is why using sigmoid activation function we cannot make predictions 

for prices higher than 5. 

 

Figure 38: Accuracies per bucket for low accuracy models - Rares 
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After analysing the low, medium and high prediction accuracy models we see that each 

category does a good job predicting a price range but not all of the ranges. This becomes 

even more apparent when we observe the best models per price range in this last diagram. 

 
Figure 39: Best accuracy per price  bucket  - Rares 

 

It is clear that classification models are really good for the ranges (0,2] , (10,30] and  

(50,150], regression models with a sigmoid activation function for the range of (2,5], 

regression models with either swish or linear activation functions for the range of (30,50] and 

regression model using a Swish activation function for the range of 150 and over. For the 

price range of (5, 10] there are no models that can give us a good prediction accuracy.  

 



   
 

Page 68 of 109 
 

5.13 Ensemble 
 

Ensemble methods that train multiple learners and then combine them for use, are a kind of 

state-of-the art learning approach. It is well known that an ensemble is usually significantly 

more accurate than a single learner [24].  

Ensemble methods have already achieved great success in many real-world tasks like face 

detection and in the Xbox Kinect, a random forest-based skeleton tracking algorithm which 

allows people to interact with games freely without game controllers. 

 

5.13.1 Combine Model Predictions into Ensemble Predictions 

The three most popular methods for combining the predictions from different models are: 

 Bagging. Building multiple models (typically of the same type) from different 

subsamples of the training dataset. 

 

 Boosting. Building multiple models (typically of the same type) each of which learns 

to fix the prediction errors of a prior model in the chain. 

 

 Voting. Building multiple models (typically of differing types) and simple statistics 

(like calculating the mean) are used to combine predictions [26].  

5.13.2 Bagging Algorithms 

Bootstrap Aggregation or bagging involves taking multiple samples from your training 

dataset (with replacement) and training a model for each sample. 

The final output prediction is averaged across the predictions of all of the sub-models. 

Such algorithms are Bagged Decision Trees, Random Forest, Extra Trees 

5.13.3 Boosting Algorithms 

Boosting ensemble algorithms creates a sequence of models that attempt to correct the 

mistakes of the models before them in the sequence. 

Once created, the models make predictions which may be weighted by their demonstrated 

accuracy and the results are combined to create a final output prediction. 

Such algorithms are AdaBoost, Stochastic Gradient Boosting. 

 

5.13.4 Voting Ensemble 

Voting is one of the simplest ways of combining the predictions from multiple machine 

learning algorithms. 
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It works by first creating two or more standalone models from your training dataset. A 

Voting Classifier can then be used to wrap the models and average the predictions of the sub-

models when asked to make predictions for new data [25].  

The predictions of the sub-models can be weighted [27] , but specifying the weights for 

classifiers manually or even heuristically is difficult. More advanced methods can learn how 

to best weight the predictions from submodels, but this is called stacking (stacked 

aggregation) and is currently not provided in scikit-learn.

 

Figure 40: Averaging predictions to form ensemble models. 

Stacked Generalization or stacking is an ensemble technique that uses a new model to learn 

how to best combine the predictions from two or more models trained on your dataset.  

 
 

Figure 41: stacking concept 
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5.13.5 Ensemble approach for POE Rares Regression results 

Observing our analysis and performance results on Rares dataset we see that the algorithms 

used do not offer the best outcome for all price buckets. 

This is an indication that by applying ensemble methods we might get a better performance 

score. 

We used voting with weighted prediction. 

The sub-learners used are: 

 

Table: 14 Sub – learners   configuration participating in the ensemble predictor 

We fitted the models and concatenated their predictions in a list. 

 

We used the method minimize to find the predictor‘s weights and the ensemble score 

applying the function log_loss() . 

 

The function log loss is the following: 

def log_loss_func(weights): 

    ''' scipy minimize will pass the weights as a numpy array ''' 

    final_prediction = 0 

    for weight, prediction in zip(weights, predictions): 

            final_prediction += weight*prediction 

Sub - learner Better results at segment 

Prediction 

Accuracy 

ANN with activation function ‘swish’, 

50 epochs, 45 features, without outliers 

(30,50 

(50,150 

(150,nan] 

(5,10] 

55.38% 

ANN  with activation function ‘swish’, 

 30 epochs, 45 features,  without outliers 
(0,2] 53.76% 

ANN  with activation function ‘sigmoid’, 

 30 epochs, 45 features,  without outliers 
(2,5] 47.44% 

ANN  with activation function ‘linear’, 

 100  epochs, 45 features,  without outliers 
(10,30] 55.41% 
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    return mean_squared_error(y_test, final_prediction) 

and is based on mean squared root. 

 

The ensemble gave us a score of 57.12 % accuracy improving the previous performance 

score of 55.41% which was the best score out of the 4 models we used. 

 

This first approach is the simplest possible since we have better results when we apply 

classification algorithms to the Rares dataset. 

Producing an ensemble with the best classification results or even deploying a stacked 

aggregation of 2 levels would possibly return better results. 
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5.14 Conclusion 

The  dataset is comprised of 580.000 observations hosting a variable number of features from 

90+ to 510+ in combinations of 11maximum. As already shown in the diagrams some 

combinations between these features are rather rare and have a small presence in the dataset. 

As a result the algorithms do not have any way to learn and the performance drops.  

 

Even though none of our algorithms was good at predicting all of the items‘ prices, breaking 

the price in ranges and observing those price ranges, gave us insight on which algorithms 

performed best on each one. After tackling the problem from a classification perspective, we 

were able to build a model that would accurately predict if an item was valuable or not. With 

a performance score of 97.65% in the segment of (0, 2] the model is pretty confident that this is a not 

valuable item. 

 

For the regression part of the problem, using 4 different regression models and via ensemble 

learning, we were also able to improve our overall accuracy. Tweaking our parameters and 

finding better average weights for our models or trying different models could give us even 

better results. Finally, using ensembling on classification models could also help with 

improving our overall accuracy. 

 

After observing our results we came to the conclusion that one big improvement on our 

algorithms‘ performance, would be the addition of more data. This would result not only in 

more different combinations but also more observations per price range. There are a number 

of ways we could add more data:  

 

Reading the API stash feed from the start of the game  

This would include more than 2.5 years of transactions but it would also introduce a number 

of problems since the API does not have time properties which we introduced ourselves and 

it would mean it is even more difficult to remove faulty observations. It would also introduce 

problems related to the storage of the dataset and the computing power needed to build the 

dataset and would imply a completely new distributed architecture. 

 

Boosting the dataset with our own samples 

Sampling around the value of the features, and creating a bunch of similar samples as well as 

using our domain knowledge to create more observations. This would certainly introduce bias 

to our models but it could potentially improve our performance. 

 

Improving the current dataset using user feedback 

This would be rather difficult to implement, but we could deploy our best model, create 

software around it to be used directly from players in the game and then get feedback directly 

from the players for the validity of our predictions. That way we could determine which 

combinations of features create problems and introduce initial feature weights to our problem 

as well as get more data directly from the players.   
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Chapter 6: Future Work 

 

The project may have proved to be harder than initially expected and the performance 

of our models is certainly not the best for the Rare items, but there are still a lot of ideas we 

could test in the future that may increase the credibility of the dataset or the performance of 

our models. 

 

 Fighting fake data  

- When building our dataset we decided to create a number of features to use later, one 

of them being the days it took for an item to be sold. Later, we decided that we should 

have tracked the hours it took for an item to be sold or even minutes since, according 

to domain knowledge, an item that takes less than 30 minutes to be sold, has a high 

chance of being fake data.  

 

- In the dataset there is a number of features that are not used. 

One of them is the username of the player that made the transaction. 

We could classify players in categories expressing the level of confidence we estimate 

not only from the dataset itself but from other external sources too. 

 

Legitimate outlier values 

- In certain cases outlier values are completely legitimate. 

One such case is when an item in Unique items has a spike in value when a streamer 

uses it while playing. 

We could use causal inference to estimate the deviation from the normal plot and 

forecast the price correctly 

 

- Another case is when a certain rare combination takes effect when the game applies 

an attribute to the item.  

 

Natural Language processing on game forums and reddit 

For our Unique items analysis, we could use natural language processing on game 

forums or reddit, to determine positive player language on certain items and introduce new 

features in our dataset which would enable us to better predict trends of items.  

Reddit and forums also is a very rich source of various players‘ guilds that try to scam novice 

players to sell cheap. This could help classify certain players as Untrusty and thus the items 

they list for sale are considered low on price, or other players as Novice and thus their items 

are not to be considered high in confidence regarding to their price. 

 

Moreover, being able to determine the ―streamer effect‖, a phrase which in the gaming world 

means that if a famous person uses certain items these items would raise in price, will also 
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help predict trends of those items. 

 

Meta items 

In the world of Path of Exile, the ―meta‖ is referred to the best items in a given time 

in the game. These ―meta‖ items are generally more expensive. Data mining the most used 

items from external websites would help us determine which are these items and engineer a 

new feature which would represent the popularity of an item.  

These items, if they are rare, also contain certain features which would help us initialize the 

weight of those features for our machine learning models. 

 

Building models for individual price ranges 

Another idea to be implemented is to build binary classification models, one for each 

price range. To do that, for a model of each price range we would categorize the price of each 

observation as 0 or 1 if it wasn‘t or was in that price range and train each model with all the 

observations. Then we would use ensembling to predict the price range of an item. 
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Δκηεηαμένη Πεπίλητη 

Κεθάλαιο 1 :Διζαγυγή 

1.1 Σο ππόβλημα 

Γηα παηρλίδηα κε νηθνλνκίεο εληόο παρληδηνύ νη νπνίεο αθκάδνπλ κέζσ ηεο αγνξάο θαη ηεο 

πώιεζεο αληηθεηκέλσλ, ε γλώζε γηα ηα αληηθείκελα ηνπ παηρληδηνύ είλαη θαηαιύηεο γηα λα 

απμήζεη έλαο λένο παίθηεο ην πινύην ηνπ. Γηα ην project καο ρξεζηκνπνηήζακε ην παηρλίδη 

Path of Exile, ην νπνίν έρεη κηα ζπλερώο κεηαβαιιόκελε αγνξά κε άληηθείκελα πνπ 

απνηεινύληαη από πάλσ απν 172 ηεηξάθεο εθαηνκκύξηα δηαθνξεηηθνύο ζπλδπαζκνύο 

ραξαθηεξηζηεθώλ.  

1.2 Σο παισνίδι 

΢ην παηρλίδη Path of Exile, νη παίθηεο έρνπλ δηαθνξεηηθνύο ζηόρνπο θαη γηα ηελ επίηεπμή ηνπο 

απνθηνύλ αληηθείκελα. Σα αληηθείκελα ρσξίδνληαη ζε Rare θαη Unique. Σα Unique 

αληηθείκελα έρνπλ ζπγθεθξηκέλνπο ηύπνπο ραξαθηεξηζηηθώλ θαη αιιάδνπλ κόλν νη ηηκέο 

ηνπο. Γηα ηα Rare, ηα ραξαθηεξηζηηθά απηά κπνξνύλ λα είλαη ζπλδπαζκνί από 6 κέρξη 11 από 

κία θαηεγνξία ραξαθηεξηζηηθώλ θαη ν ζπλδπαζκόο ηνπο αιιά θαη νη ηηκέο ηνπ θάζε 

ραξαθηεξηζηηθνύ νξίδεη ηε ηηκή ηνπ αληηθεηκέλνπ. 

Η δηαπξαγκάηεπζε ζην παηρλίδη γίλεηαη κε ηε ρξήζε stashes. Σα stashes παίδνπλ ην ξόιν 

βηηξίλαο ζηελ νπνία απεηθνλίδεη έλαο παίρηεο ηα αληηθείκελα πνπ ζέιεη λα πσιήζεη. 

Υξεζηκνπνηώληαο ην ελζσκαησκέλν API ηνπ παηρληδηνύ, θαηαζθεπάδνπκε έλα ζύλνιν 

δεδνκέλσλ ην νπνίν απνηειείηαη από ηηο πσιήζεηο πνπ έγηλαλ ζην παηρλίδη 

1.3 ΢ηόσορ. 

Οη ζηόρνη καο είλαη δύν αλάινγα ην ηύπν αληηθεηκέλνπ. Γηα ηα Unique αληηθείκελα ζα 

παξαθνινπζήζνπκε ηελ ηηκή ηνπο θαη ζα πξνζπαζήζνπκε λα πξνβιέςνπκε ηελ αιιαγή ηεο 

ζην κέιινλ ώζηε ν παίρηεο λα απνθαζίζεη αλ ζα αγνξάζεη ην αληηθείκελν κε ζθνπό ην 

θέξδνο επεηδή ε ηηκή ηνπ ζα αλέβεη ή ζα ην πνπιήζεη γηα λα απνθύγεη ηε δεκία επεηδή ε ηηκή 

ηνπ ζα πέζεη. Γηα ηα Rare αληηθείκελα, ζθνπόο είλαη ε εθηίκεζε ηεο ηηκήο ηνπο αλάινγα ηα 

ραξαθηεξηζηηθά από ηα νπνία απνηεινύληαη θαη ρξεζηκνπνηώληαο απηή ηε πιεξνθνξία ν 

παίθηεο λα απνθαζίζεη αλ ζέιεη λα πνπιήζεη ή όρη ην αληηθείκελν. 
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Κεθάλαιο 2: Ανάλςζη ζςνόλος δεδομένυν Unique – Ππόβλετη 

μελλονηικών ηιμών 

2.1 Σο ζύνολο δεδομένυν 

Γηα ην θνκκάηη απηό ηνπ πξνβιήκαηνο δηαιέμακε 2 unique αληηθείκελα, ην θάζε έλα γηα 

δηαθνξεηηθό ιόγν : 

 Tabula Rasa Simple Robe 

Σν αληηθείκελν απηό δελ εηλαη ραξαθηεξηζηηθά κε ζπζρεηηζκό κε ηε ηηκή κεγαιύηεξν 

ηνπ 0.1 ή κηθξόηεξν ηνπ -0.1 εθηόο από ηελ εκεξήζηα ηζνηηκία κεηαηξνπήο ησλ 2 

θπξηόηεξσλ ζπλαιιαγκάησλ ηνπ παηρληδηνύ, ε νπνία ραξαθηεξίδεη ηνλ πιεζσξηζκό 

ηεο αγνξάο. Σηο πξώηεο κέξεο ηεο θάζε ζεδόλ ην αληηθείκελν απηό εηλαη πνιύ 

πνιύηηκν θαη ε ηηκή ηνπ πέθηεη δξακαηηθά θαζώο πεξλνύλ νη κέξεο ή κε άιια ιόγηα 

θαζώο απμάλεηαη ε πιεζσξηζκόο ζηελ αγνξά. 

 

 Windripper Imperial Bow 

Απηό ην αληηθείκελν ρξεζηκνπνηήζεθε κε ζθνπό ηελ multivariate πξόγλσζε ηηκώλ 

αθνύ απνηειείηαη από ραξαθηεξηζηηθά ηα νπνία έρνπλ ζπζρεηηζκό κε ηε ηηκή 

κεγαιύηεξν ηνπ 0.1 ή κηθξόηεξν ηνπ -0.1. Σέινο, όπσο θαη ζην πξνεγνύκελν 

αληηθίκελν ππάξρεη κεγάινο ζπζρεηηζκόο κε ηε ηηκή ηνπ ραξαθηεξηζηηθνύ πνπ εμεγεί 

ηε από ηελ εκεξήζηα ηζνηηκία κεηαηξνπήο ησλ 2 θπξηόηεξσλ ζπλαιιαγκάησλ.  

2.2 Outliers 

Γηα ηελ αθαίξεζε ησλ outliers, πεηξακαηηζηήθακε κε δύν ηερληθέο , ηελ IQR θαη ηε Z-score. 

Από ηηο δύν ηερληθέο, κόλν ε ηερληθή IQR κπνξνύζε λα αληηκεησπίζεη ηνπο outliers θαη 

δνθηκάδνληαο δηαθνξεηηθέο ηηκέο ηεο θαηαιήμακε ζε threshold=0.7 γηα ην αληηθείκελα 

Tabula Rasa Simple Robe θαη threshold = 0.8 γηα ην αληηθείκελν Windripper Imperial Bow. 

 Δπίζεο ρξεζηκνπνηήζακε ηνλ πεξηνξηζκό days_in_snapshot < 5 ην νπνίν ραξαθηεξηζηηθό 

δειώλεη πόζεο κέξεο πήξε ζην ζπγθεθξηκέλν αληηθείκελν λα πσιεζεί. Απηό έγηλε δηόηη νη 

πσιήζεηο κεηά από 5 εκέξεο είλαη ρακειήο εκπηζηνζύλεο. 

2.3 Feature Selection 

Γηα ηελ επηινγή ραξαθηεξηζηηθώλ γηα αλάιπζε ρξεζηκνπνηήζεθαλ αξθεηέο δηαθνξεηηθέο 

ηερληθέο. Οη θπξηόηεξεο ήηαλ : 

 

Correlations 

Υξεζηκνπνηήζακε ηε κέζνδν ‗corr‘ ηεο βηβιηνζήθεο pandas γηα λα αθαηξέζνπκε θάζε 

ραξαθηεξηζηηθό κε κηθξό ζπζρεηηζκό κε ηε ηηκή.  Γηα ηε πεξίπησζε ηνπ Tabula Rasa Simple 

Robe αληηθεηκέλνπ δελ ππήξρε θάπνην ηέηνην ραξαθηεξηζηηθό ελώ γηα ηε πεξίπησζε ηνπ 
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Windripper Imperial Bow, θξαηήζακε κόλν ηα ραξαθηεξηζηηθά πνπ είραλ ζπζρεηηζκό 

κεγαιύηεξν ηνπ 0.1 θαη κηθξόηεξν ηνπ -0.1.  

Random  Forest 

Η κέζνδνο Random Forest έρεη ελζσκαησκέλε κέζνδν πνπ αλαιύεη ηε ζεκαζία θάζε 

ραξαθηεξηζηηθνύ νπνηε ρξεζηκνπνηώληαο ηε πήξακε σο απνηέιεζκα ηε ζεκαζία πνπ έρεη ην 

θάζε ραξαθηεξηζηηθό γηα ηε ηηκή ηνπ αληηθεηκέλνπ 

 Figure 14 

Figure 13 
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Backwards Feature Elimination 

 Αξρηθά ιακβάλνπκε όιεο ηηο κεηαβιεηέο n πνπ ππάξρνπλ ζην ζύλνιν δεδνκέλσλ καο 

θαη εθπαηδεύνπκε ην κνληέιν ρξεζηκνπνηώληαο απηά 

 ΢ηε ζπλέρεηα, ππνινγίδνπκε ηελ απόδνζε ηνπ κνληέινπ 

 Σώξα, ππνινγίδνπκε ηελ απόδνζε ηνπ κνληέινπ αθνύ εμαιείςνπκε θάζε κεηαβιεηή 

(n θνξέο), δειαδή αθαηξνύκε κία κεηαβιεηή θάζε θνξά θαη εθπαηδεύνπκε ην 

κνληέιν ζηηο ππόινηπεο n-1κεηαβιεηέο 

 Πξνζδηνξίδνπκε ηε κεηαβιεηή ηεο νπνίαο ε αθαίξεζε έρεη δεκηνπξγήζεη ηε 

κηθξόηεξε (ή όρη) αιιαγή ζηελ απόδνζε ηνπ κνληέινπ θαη ζηε ζπλέρεηα ηελ 

απνκάθξπλζε ηεο κεηαβιεηήο απηήο 

 Δπαλαιάβεηε απηή ηε δηαδηθαζία κέρξη λα κελ αθαηξεζεί θακία κεηαβιεηή 

 

Γηα λα ην πεηύρνπκε, ρξεζηκνπνηήζακε rfe από ηε βηβιηνζήθε sklearn.feature_selection κε 

πνιινύο αιγνξίζκνπο πνπ ζπκπεξηιάκβαλαλ, αιιά δελ πεξηνξίδνληαλ ζε Linear Regression, 

Logistic Regression, Random Forest, Decision Trees θιπ. Από ηα παξαπάλσ ηα πην ζηαζεξά 

απνηειέζκαηα ήηαλ από ηα Decision Trees. 

2.4 Μεηαηποπή ανόμοιυν(άνιζυν ή ακανόνιζηυν) σπονοζειπών ζε όμοιυν 

Αλόκνηεο (ή άληζεο ή αθαλόληζηεο) ρξνλνζεηξέο είλαη κία αθνινπζία δεπγώλ ρξόλνπ θαη 

ηηκήο παξαηεξήζεσο (tn, Xn) κε απζηεξά απμαλόκελνπο ρξόλνπο παξαηήξεζεο [7]. ΢ε 

αληίζεζε κε ηηο εμίζνπ δηαρσξηζκέλεο ρξνληθέο ζεηξέο, ε απόζηαζε ησλ ρξόλσλ 

παξαηήξεζεο δελ είλαη ζηαζεξή. Μία θνηλή πξνζέγγηζε γηα ηελ αλάιπζε ησλ ρξνληθά 

αλεπαξθώο δηαρσξηζκέλσλ ζπλόισλ είλαη ε κεηαηξνπή ησλ δεδνκέλσλ ζε εμίζνπ 

δηαρσξηζκέλεο παξαηεξήζεηο κε ηε ρξήζε θάπνηαο κνξθήο παξεκβνιήο - ζπλήζσο 

γξακκηθήο - θαη ζηε ζπλέρεηα εθαξκνγήο ησλ ππαξρνπζώλ κεζόδσλ γηα εμίζνπ 

δηαρσξηζκέλα δεδνκέλα. 

Αξρηθά ηα δεδνκέλα καο δελ είραλ ηα ραξαθηεξηζηηθά ησλ ρξνλνζεηξώλ δεδνκέλσλ, δειαδή 

νη παξαηεξήζεηο δελ ήηαλ κηα αθνινπζία ίζσλ ρξνληθώλ ηκεκάησλ. 

Αθνύ εηζαγάγακε έλα δείθηε datetime ν νπνίνο αληηπξνζώπεπε ηελ ώξα θαη ηε κέξα ηεο 

πώιεζεο, ζπάζακε ηα δεδνκέλα καο ζε ίζα ηκήκαηα, ξπζκίδνληαο κηα ζπρλόηεηα θαη 

παξεκβάιινληαο ηηο παξαηεξήζεηο. 

Μπνξεί λα παξαηεξεζεί όηη ν δείθηεο date_time θάζε παξαηήξεζεο βξίζθεηαη ζε 

δηαθνξεηηθή ρξνληθή πεξίνδν ή κε άιια ιόγηα ζε δηαθνξεηηθή ζπρλόηεηα. Γηα λα 

κεηαηξέςνπκε ην ζύλνιν δεδνκέλσλ ζε κηα ζεηξά ρξνλνζεηξώλ, πξέπεη επίζεο λα απμήζνπκε 

ηε ζπρλόηεηα ησλ δεηγκάησλ καο, όπσο από ιεπηά ζε δεπηεξόιεπηα, ή λα ην κεηώζνπκε γηα 

παξάδεηγκα από κέξεο ζε κήλεο. Απηέο νη δηαδηθαζίεο νλνκάδνληαη επαλαδεηγκαηνιεςία. 

Καη ζηηο δύν πεξηπηώζεηο, ηα δεδνκέλα πξέπεη λα εθεπξεζνύλ. Δδώ επηιέμακε λα κεηώζνπκε 

ηα δείγκαηα από ιεπηά ζε ώξεο. 



   
 

Page 82 of 109 
 

 

2.4.1 Interpolation 

΢ε απηό ην κέξνο είρακε λα ιύζνπκε δύν πξνβιήκαηα ησλ αθαλόληζησλ δεδνκέλσλ: θελά 

ηκήκαηα πνπ εκθαλίζηεθαλ κεηά ηελ αλαδεηγκαηνιεςία, ρσξίο λα έρνπλ παξαηεξήζεηο θαηά 

ηε δηάξθεηα απηώλ ησλ ρξνληθώλ πεξηόδσλ θαη ηκήκαηα κε πνιιαπιέο ηηκέο πνπ έπξεπε λα 

θαηαιάβνπκε ζε κία ηηκή. Γη 'απηό έπξεπε λα παξεκβάιινπκε ηα δεδνκέλα καο. Η 

παξεκβνιή είλαη κηα κέζνδνο θαηαζθεπήο λέσλ ζεκείσλ δεδνκέλσλ εληόο ηεο πεξηνρήο ελόο 

δηαθξηηνύ ζπλόινπ γλσζηώλ ζεκείσλ δεδνκέλσλ. Οη δηαδηθαζίεο πνπ αθνινπζήζακε ήηαλ 

πιήξσζε θαη ηζνπέδσζε. 

Flattening 

΢ηε πεξίπησζε ησλ πνιιαπιώλ ηηκώλ ζηελ ίδηα ρξνληθή πεξίνδν πξέπεη λα ηηο 

ηζνπεδώζνπκε. Απηή ε δηαδηθαζία νλνκάδεηαη Flattening. Γηα λα πεηύρνπκε ην ζθνπό καο 

ρξεζηκνπνηήζακε είηε ην κέζν αξηζκό, ην δηάκεζν είηε ην mode. Γηα ηα πεξηζζόηεξα 

ραξαθηεξηζηηθά ρξεζηκνπνηήζακε ην δηάκεζν αιιά γηα ηε ηηκή ρξεζηκνπνηήζακε ηνλ κέζν 

όξν, δεδνκέλνπ όηη ζε αληίζεζε κε ηα άιια ραξαθηεξηζηηθά, νη ηηκέο ηηκώλ ηηκήο 

θπκαίλνληαλ πνιύ πεξηζζόηεξν. Η δηαθνξά κεηαμύ ησλ δύν κπνξεί λα θαλεί ζην παξαθάησ 

γξάθεκα. 

 

Filling 

΢ηε πεξίπησζε πνπ ιείπνπλ ρξνληθέο πεξίνδνη πξέπεη λα ηηο ζπκπιεξώζνπκε κε 

πξνεπηιεγκέλεο ηηκέο ώζηε λα κεηαηξέςνπκε ηα δεδνκέλα καο ζε ζύλνιν δεδνκέλσλ 

ρξνλνζεηξώλ. Απηό έγηλε είηε κε κε κέζνδν backfilling, forward filling, γξακκηθά 

ρξεζηκνπνηώληαο γξακκηθή θαηαλνκή είηε κε ηε κέζνδν pchip πνπ ζπλήζσο ρξεζηκνπνηείηαη 

γηα παξεκβνιή αξηζκεηηθώλ δεδνκέλσλ κηα νκαιή ζπλερήο ιεηηνπξγία. Απνθαζίζακε λα 

ρξεζηκνπνηήζνπκε ηε κέζνδν pchip, δεδνκέλνπ όηη ήηαλ δηαηεξεκέλν θαη νπηηθά επράξηζην. 

Figure 16 
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Η βαζηθή ηδέα ήηαλ λα πξνζδηνξηζηνύλ νη θιίζεηο έηζη ώζηε ν παξεκβαιιόκελνο λα κελ 

ηαιαληεύεηαη πάξα πνιύ [10]. 

2.5 Ανάλςζη Χπονικών ΢ειπών 

Γηα ηελ πξόβιεςε ρξνλνζεηξώλ κε ηε ρξήζε ηνπ δηθηύνπ LSTM, πξνζπαζνύκε λα 

παξέρνπκε δείθηεο δπλακηθήο ησλ ηηκώλ ησλ κνλαδηθώλ αληηθεηκέλσλ. ΢ε απηό ην ζεκείν 

ππάξρνπλ ζεκαληηθέο παξάκεηξνη, ηε ζεκαζία ησλ νπνίσλ πξέπεη λα εμεγήζνπκε: 

Χπόνορ ειζόδος (Lag / Input Timesteps) 

Σα παξαδνζηαθά λεπξσληθά δίθηπα παίξλνπλ θάζε θνξά έλαλ απηόλνκν θνξέα δεδνκέλσλ 

θαη δελ έρνπλ έλλνηα ηεο κλήκεο ζηα δεδνκέλα. Σα δίθηπα LSTM δηαηεξνύλ έλα πιαίζην 

κλήκεο κέζα ζηνλ αγσγό ηνπο θαη έηζη θαζίζηαληαη ηζρπξά ζηελ αληηκεηώπηζε ησλ 

δηαδνρηθώλ θαη ρξνληθώλ πξνβιεκάησλ ρσξίο ην δήηεκα ηνπ δηαθύκαλζεο ηεο δηαθπγήο πνπ 

επεξεάδεη ηελ απόδνζή ηνπο. Η "κλήκε" πνπ δηαηεξεί ην δίθηπό καο είλαη ε θαζπζηέξεοε.  

Γηα θάζε πξόβιεςε, ηξνθνδνηνύκε κηα θαζπζηέξεζε δηαδνρηθώλ πιεξνθνξηώλ ζην δίθηπό 

καο, γηα λα κάζνπκε από απηό. 

Ακολοςθία ππόβλετηρ (Forecasting Sequence) 

Δάλ ε θαζπζηέξεζε είλαη ε είζνδνο, ε αθνινπζία πξόβιεςεο είλαη ε έμνδνο. Πξόθεηηαη γηα 

ην παξάζπξν ρξνληθήο πεξηόδνπ πνπ ην κνληέιν καο ζα πξνζπαζήζεη λα πξνβιέςεη. 

Γιασυπιζμούρ ζεη εκπαίδεςζηρ / δοκιμήρ 

Αθξηβώο όπσο θαη ζηα ANN, ρξεζηκνπνηώληαο ην LSTM, πξέπεη λα ρσξίζνπκε ην ζύλνιν 

δεδνκέλσλ καο ζε έλα ζεη εθπαίδεπζεο θαη έλα ζεη δνθηκώλ. Τπάξρνπλ σζηόζν κεξηθέο 

δηαθνξέο: 

● Ο δηαρσξηζκόο ζε έλα ζύλνιν δεδνκέλσλ δελ πξέπεη λα αλαθαηεύεηαη. Πξέπεη λα 

απνθαζίζνπκε εθ ησλ πξνηέξσλ πόζεο ρξνληθέο πεξηόδνπο ζα ρξεζηκνπνηήζνπκε σο 

εθπαίδεπζε. 

● Σν Lag δελ κπνξεί λα είλαη πςειόηεξν από ην ζύλνιν δεδνκέλσλ εθπαίδεπζεο. 

● Οη δηαρσξηζκνί εθπαίδεπζεο θαη δνθηκώλ είλαη δηαδνρηθνί  θαη ην ζεη εθπαίδεπζεο είλαη 

πξηλ ην ζεη δνθηκήο. 

Ομαλοποίηζη (Normalization) 

Γεδνκέλνπ όηη ε ηηκή εθθίλεζεο ελόο ζηνηρείνπ είλαη δηαθνξεηηθή γηα θάζε επνρή 3 κελώλ, 

απνθαζίζακε λα ιάβνπκε θάζε παξάζπξν δεδνκέλσλ εθπαίδεπζεο / δνθηκώλ θαη λα ην 

θαλνληθνπνηήζνπκε ώζηε λα αληηθαηνπηξίδεη ηηο πνζνζηηαίεο αιιαγέο από ηελ αξρή απηνύ 

ηνπ παξαζύξνπ. 
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Δποσέρ (Epochs) 

Μηα επνρή είλαη απιά έλα πέξαζκα πξνο ηα εκπξόο θαη έλα πξνο ηα πίζσ πέξαζκα όισλ ησλ 

παξαδεηγκάησλ εθπαίδεπζεο. Η εθπαίδεπζε γηα πεξηζζόηεξεο επνρέο θαζηζηά ην κνληέιν 

καο θαιύηεξν αιιά θαη πην επηξξεπέο ζε ππεξθόξησζε(overfitting). 

Μέγεθορ παπηίδαρ (Batch Size) 

Σν κέγεζνο παξηίδαο είλαη ν αξηζκόο ησλ εθπαηδεπηηθώλ παξαδεηγκάησλ ζε έλα κπξνζηηλό / 

νπίζζην πέξαζκα. Όζν πςειόηεξν είλαη ην κέγεζνο ηεο παξηίδαο, ηόζν πεξηζζόηεξνο ρώξνο 

κλήκεο ρξεηάδεηαη. Έρεη παξαηεξεζεί ζηελ πξάμε όηη όηαλ ρξεζηκνπνηείηαη κηα κεγαιύηεξε 

παξηίδα ππάξρεη ζεκαληηθή ππνβάζκηζε ζηελ πνηόηεηα ηνπ κνληέινπ. 

Απόζςπζη (Dropout) 

Η απόξξηςε είλαη κηα κέζνδνο ηαθηνπνίεζεο πνπ πξνζεγγίδεη ηελ θαηάξηηζε ελόο κεγάινπ 

αξηζκνύ λεπξσληθώλ δηθηύσλ κε δηαθνξεηηθέο παξάιιειεο αξρηηεθηνληθέο. Καηά ηε δηάξθεηα 

ηεο εθπαίδεπζεο, θάπνηνη ηύπνη εμόδσλ ζηξώκαηνο αγλννύληαη ηπραία ή "απνρσξνύλ. Γηα 

παξάδεηγκα, έλα ζηξώκα Dropout κε ξπζκό 0,2 έρεη 20% πηζαλόηεηα λα ξίμεη θάζε λεπξώλα. 

΢ςναπηήζειρ Απώλειαρ(Loss Functions) 

Μηα ιεηηνπξγία απώιεηαο ρξεζηκνπνηείηαη γηα ηε βειηηζηνπνίεζε ησλ ηηκώλ παξακέηξσλ ζε 

έλα κνληέιν λεπξσληθνύ δηθηύνπ. Οη ιεηηνπξγίεο απώιεηαο αληηζηνηρνύλ ζε έλα ζύλνιν 

ηηκώλ παξακέηξσλ γηα ην δίθηπν ζε κηα θιηκαθσηή ηηκή πνπ ππνδεηθλύεη πόζν θαιά ε 

παξάκεηξνο απηή νινθιεξώλεη ηελ εξγαζία πνπ ην δίθηπν πξννξίδεηαη λα θάλεη. Δίλαη 

νπζηαζηηθά έλαο καζεκαηηθόο ηξόπνο κέηξεζεο πόζν ιαλζαζκέλεο είλαη νη πξνβιέςεηο καο. 

Απώιεηα είλαη απηό ην κέηξν. 

Βεληιζηοποιηηήρ (Optimizer)  

Καηά ηε δηάξθεηα ηεο δηαδηθαζίαο θαηάξηηζεο, αιιάδνπκε ηηο παξακέηξνπο ηνπ κνληέινπ 

καο γηα λα πξνζπαζήζνπκε λα ειαρηζηνπνηήζνπκε ηε ιεηηνπξγία απώιεηαο θαη λα θάλνπκε 

θαιύηεξεο, αθξηβέζηεξεο πξνβιέςεηο. Οη βειηηζηνπνηεηέο ζπλδπάδνπλ ηε ζπλάξηεζε 

απώιεηαο θαη ηηο παξακέηξνπο ηνπ κνληέινπ [11]. 

΢ςνάπηηζη ενεπγοποίηζηρ 

Η ζπλάξηεζε ελεξγνπνίεζεο ελόο θόκβνπ θαζνξίδεη ηελ έμνδν απηνύ ηνπ θόκβνπ ή 

"λεπξώλα", δεδνκέλεο κηαο εηζόδνπ ή ζπλόινπ εηζόδσλ. Απηή ε έμνδνο ρξεζηκνπνηείηαη ζηε 

ζπλέρεηα σο είζνδνο γηα ηνλ επόκελν θόκβν θαη νύησ θαζεμήο έσο όηνπ βξεζεί ε επηζπκεηή 

ιύζε ζην αξρηθό πξόβιεκα. Αλ δελ εθαξκόζνπκε κηα ζπλάξηεζε  ελεξγνπνίεζεο ηόηε ην 

ζήκα εμόδνπ ζα ήηαλ απιά κηα απιή γξακκηθή ζπλάξηεζε. 

HyperParameters 

Έλα hyperparameter  είλαη κηα παξάκεηξνο ηεο νπνίαο ε ηηκή έρεη νξηζηεί πξηλ αξρίζεη ε 

δηαδηθαζία εθκάζεζεο. Αληίζεηα, νη ηηκέο άιισλ παξακέηξσλ πξνέξρνληαη από ηελ 
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εθπαίδεπζε. Γηαθνξεηηθνί αιγόξηζκνη θαηάξηηζεο κνληέισλ απαηηνύλ δηαθνξεηηθέο  

hyperparameters νη νπνίεο ζα βειηηζηνπνηεζνύλ αξγόηεξα ρξεζηκνπνηώληαο κηα κέζνδν πνπ 

νλνκάδεηαη Grid Search. Οη ππεξπ hyperparameters καο ήηαλ εδώ 

● Υξνλνδηαθόπηεο εηζόδνπ    ● Πξνβιεπόκελε αθνινπζία 

● Γηαρσξηζκόο ηξέλνπ / δνθηκήο  ● Δπνρέο 

● Καηώθιη πςεινύ πνζνηηθνύ νξίνπ IQR  ● Απώιεηα 

● Πνζνζηό εθκάζεζεο γηα SGD  ● Νεπξώλεο δηαθνξεηηθώλ ζηξσκάησλ LSTM 

θαη Dense 

● ΢πλάξηεζε ελεξγνπνίεζεο 

(activation function)    ● Πνζνζηό απόξξηςεο(dropout rate) 

● Optimizer 

 

2.6 Univariate Unistep ενανηίον Univariate Multistep σπηζιμοποιώνηαρ 

LSTM 

Όπσο αλαθέξζεθε πξνεγνπκέλσο, ρξεζηκνπνηήζακε ην αληηθείκελν "Tabula Rasa" επεηδή 

δελ απνηεινύληαλ από ζεκαληηθά ραξαθηεξηζηηθά πνπ ζα κπνξνύζαλ λα επεξεάζνπλ ηελ 

ηηκή ηνπ εθηόο από ηελ εκεξήζηα ηζνηηκία κεηαηξνπήο. ΢ε απηό, εθηεινύκε 2 ηύπνπο 

αλαιύζεσλ, unistep θαη multi-step. Σν Unistep ή ην point-to-point είλαη ε πξόβιεςε κηαο 

κόλν ρξνληθήο πεξηόδνπ κπξνζηά από ην ρξόλν, ζρεδηάδνληαο απηή ηελ πξόβιεςε θαη ζηε 

ζπλέρεηα παίξλνληαο ην επόκελν παξάζπξν καδί κε ηα πιήξε δεδνκέλα δνθηκώλ θαη 

πξνβιέπνληαο ην επόκελν ζεκείν γηα άιιε κηα θνξά. 

Η πξόβιεςε multistep ζα γίλεη ζε δύν κέξε. Σν πξώην ζα απνηειείηαη από κηα πιήξε 

πξόβιεςε αθνινπζίαο, αξρηθνπνηώληαο έλα παξάζπξν εθπαίδεπζεο θαη εθπαηδεύνληαο ην 

κνληέιν καο ζε απηό. Σν κνληέιν ηόηε πξνβιέπεη ην επόκελν ζεκείν θαη κεηαηνπίδνπκε ην 

παξάζπξν θαηά κία ρξνληθή πεξίνδν πξνο ηα δεμηά, αθξηβώο όπσο ε κέζνδνο point-by-point. 

Η δηαθνξά είλαη ηόηε ε επόκελε πξόβιεςε γίλεηαη ρξεζηκνπνηώληαο ηα δεδνκέλα πνπ 

πξνβιέςακε ζηελ πξνεγνύκελε πξόβιεςε. ΢ηε δεύηεξε πξόβιεςε έρνπκε έλα 

πξνβιεπόκελν ζεκείν δεδνκέλσλ, ζηε ηξίηε 2 πξνβιεπόκελα ζεκεία δεδνκέλσλ θαη νύησ 

θαζεμήο [9]. Αθνύ πξνβιέςνπκε ζεκεία ίζα κε ηελ αθνινπζία εηζόδνπ, ε επόκελε 

πξόβιεςή καο απνηειείηαη κόλν από ηα πξνβιεπόκελα ζεκεία δεδνκέλσλ. Απηό καο 

επηηξέπεη λα ρξεζηκνπνηήζνπκε ην κνληέιν γηα λα πξνβιέςνπκε πνιιά βήκαηα κπξνζηά, 

αιιά θαζώο πξνβιέπεη ηηο πξνβιέςεηο πνπ ζηε ζπλέρεηα κπνξνύλ λα βαζηζηνύλ ζηηο 

πξνβιέςεηο, απηό ζα νδεγήζεη ζε απμεκέλν πνζνζηό ζθάικαηνο ησλ κεηέπεηηα πξνβιέςεσλ. 

Σν δεύηεξν κέξνο είλαη κηα πξόβιεςε πνιιαπιώλ αθνινπζηώλ(multistep). Απηό είλαη έλα 

κείγκα ηεο πξόβιεςεο πιήξνπο αθνινπζίαο ππό ηελ έλλνηα όηη αξρηθνπνηεί ην παξάζπξν 

δνθηκήο κε δεδνκέλα δνθηκώλ, πξνβιέπεη ην επόκελν ζεκείν πάλσ από απηό θαη θάλεη έλα 

λέν παξάζπξν κε ην επόκελν ζεκείν. Ωζηόζν, κόιηο θηάζεη ζε έλα ζεκείν όπνπ ην 

παξάζπξν εηζαγσγήο απνηειείηαη από πξνεγνύκελεο πξνβιέςεηο, ζηακαηά, κεηαθηλεί πξνο 
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ηα εκπξόο έλα πιήξεο κήθνο παξαζύξνπ πξόβιεςεο, επαλαθέξεη ην παξάζπξν κε ηα 

πξαγκαηηθά δεδνκέλα δνθηκήο θαη μεθηλά μαλά ηε δηαδηθαζία. ΢ηελ νπζία απηό δίλεη 

πνιιαπιέο ηάζεηο όπσο νη πξνβιέςεηο πάλσ ζηα δεδνκέλα ησλ δνθηκώλ, πξνθεηκέλνπ λα 

αλαιπζεί πόζν θαιά ην κνληέιν κπνξεί λα πάξεη ηηο ηάζεηο ηεο κειινληηθήο νξκήο [17]. 

Όιεο νη δηαδηθαζίεο δεκηνπξγήζεθαλ ρξεζηκνπνηώληαο ηηο βηβιηνζήθεο Tensorflow θαη 

Keras θαζώο επίζεο θαη πνιιαπιέο βηβιηνζήθεο ηνπ sklearn[12]. 

Με RMSE = 0,01855 ε πξόβιεςε από ζεκείν ζε ζεκείν είλαη κηα αξθεηά αθξηβήο 

αλαπαξάζηαζε ηνπ ηη πξόθεηηαη λα ζπκβεί ζηελ επόκελε ρξνληθή πεξίνδν. 

Αληίζεηα, ε πξόβιεςε πιήξνπο αθνινπζίαο καο πξνζπαζεί λα πξνβιέςεη ηη ζα ζπκβεί ζηηο 

πξώηεο ρξνληθέο πεξηόδνπο, αιιά αξγόηεξα, βαζηδόκελε απνθιεηζηηθά ζε άιιεο πξνβιέςεηο, 

απνηπγράλεη λα πξνβιέςεη θαη ην RMSE απμάλεηαη δξακαηηθά. 

Figure 17 

Figure 18 
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Σέινο, βιέπνπκε ηε πινθή πξόγλσζεο πνιιώλ ζηαδίσλ. Με ζεη εθπαίδεπζεο  0.4 (ή πεξίπνπ 

30 εκέξεο) κπνξεί λα πξνβιέςεη ηηο ηάζεηο (θαη κεξηθέο θνξέο ην εύξνο ησλ ηάζεσλ) γηα κηα 

κεγάιε πιεηνςεθία ησλ ρξνληθώλ πεξηόδσλ. Αλ θαη δελ είλαη ηέιεην, απνηειεί θαιή έλδεημε 

ηεο ρξεζηκόηεηαο ηνπ κνληέινπ. 

 

Grid Search 

Γηα λα βειηηώζνπκε ηα απνηειέζκαηά καο, πξέπεη λα ζπληνλίζνπκε ηηο hyperparameters καο. 

Γηα ην ιόγν απηό ρξεζηκνπνηήζακε Grid Search. Η κέζνδνο Grid Search ρξεζηκνπνηείηαη γηα 

ηελ εύξεζε ησλ βέιηηζησλ ππεξπαξακέηξσλ ελόο κνληέινπ πνπ νδεγεί ζηηο πην «αθξηβείο» 

πξνβιέςεηο. Η αλαδήηεζε πιέγκαηνο δεκηνπξγεί έλα κνληέιν γηα θάζε ζπλδπαζκό 

ππεξπαξακέηξσλ πνπ θαζνξίδεηαη θαη αμηνινγεί θάζε κνληέιν. Γηα πξνβιέςεηο από ζεκείν 

ζε ζεκείν, ππνινγίζακε ην RMSE ησλ πξνβιέςεσλ γηα θάζε κνληέιν θαη επηιέμακε ην έλα 

κε ην ρακειόηεξν RMSE, ελώ γηα ηηο πξνβιέςεηο πιήξνπο αθνινπζίαο όια ηα απνηειέζκαηά 

καο ήηαλ θαθά θαη βαζηδόκελα ζε πνιιαπιά ζθάικαηα δελ δίλνπλ θαιή αληηπξνζώπεπζε 

ησλ κειινληηθώλ ηηκώλ. 

 

Οη παξάκεηξνη πνπ βειηηζηνπνηήζακε θαη ηα εύξε ηηκώλ ηνπο θαίλνληαη παξαθάησ. Δίλαη 

ζεκαληηθό λα ζεκεησζεί όηη ε ρξήζε ελόο sgd optimizer έδσζε πνιύ ρεηξόηεξα 

απνηειέζκαηα απ 'ό, ηη ε adam γηα θάζε learning rate πνπ ηνλ μεθηλήζακε θαη γηα απηό ην 

ιόγν ζηακαηήζακε ηε δνθηκή λσξίο, δηόηη ζα δηπιαζίαδε ην κέγεζνο ησλ πεξηπηώζεώλ καο.  

Γηα ηηο πξνβιέςεηο πνιιώλ ζηαδίσλ δελ κπνξνύζακε λα ζπγθξίλνπκε δηαθνξεηηθά κήθε 

αιιεινπρίαο θαη αλάινγα κε ην πνζνζηό ησλ ζεη εθπαίδεπζεο δνθηκήο θάζε πξνβιεπόκελε 

ηάζε ήηαλ ζε δηαθνξεηηθό ρξνληθό παξάζπξν θαη είρε δηαθνξεηηθό κήθνο. Γηα ην ιόγν απηό, 

νη κεηξήζεηο rmse, mae ή mape δελ ήηαλ αληηπξνζσπεπηηθέο ηεο απόδνζεο ηνπ κνληέινπ θαη 

ηεο ηθαλόηεηάο ηνπ λα πξνβιέςεη ηάζεηο. Η απόθαζε γηα ην θαιύηεξν κνληέιν ή κνληέια 

έγηλε απνθιεηζηηθά κε ηελ παξαηήξεζε θάζε δηαθνξεηηθήο γξαθηθήο παξάζηαζεο 

απνηειεζκάησλ. 

Γεληθά γηα δηαρσξηζκνύο πςειόηεξνπο από 0,5, ην κνληέιν έθαλε "overfit" θαη νη ηάζεηο δελ 

είραλ ζεηηθέο ή αξλεηηθέο θνξπθέο. Η αύμεζε ηνπ πνζνζηνύ dropout  ή ε πξνζζήθε 

πεξηζζόηεξσλ επηπέδσλ εγθαηάιεηςεο δελ είρε θακία αιιαγή ζε απηό. 
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Γηα κήθνο αιιεινπρίαο πςειόηεξν από 10, νη πξνβιέςεηο είραλ κεγάιν ζθάικα θαζώο θάζε 

επόκελν ζεκείν πξόβιεςεο βαζίζηεθε ζε πεξηζζόηεξα ζεκεία πξνβιέςεσλ. 

Έλα θαιό ζεκείν γηα 8 ώξεο θαη 12 ώξεο ρξνληθέο πεξηόδνπο ήηαλ ην κήθνο αθνινπζίαο 6. 

Σν κνληέιν καο ζα κπνξνύζε ζρεδόλ πάληα λα πξνβιέςεη εάλ ε ηηκή ηνπ αληηθεηκέλνπ ζα 

αλέβαηλε, λα πέζεη ή μαθληθέο αιιαγέο, θαζώο θαη ην εύξνο απηώλ ησλ ηάζεσλ. 

Μηα παξάκεηξνο πνπ ήηαλ επίζεο πνιύ ζεκαληηθή ήηαλ ε ζπλαξηήζεηο ελεξγνπνίεζεο. 

Δθόζνλ θαλνληθνπνηήζακε ηηο κεηαβιεηέο καο θαη ηα πξνβιεπόκελα πνζνζηά αιιαγήο, δελ 

κπνξνύζε λα ρξεζηκνπνηεζνύλ ζπλαξηήζεηο  ελεξγνπνίεζεο πνπ δελ κπνξνύζαλ λα 

παξάγνπλ αξλεηηθά απνηειέζκαηα. Από ηηο ζπλαξηήζεηο tanh θαη linear activation, ε linear 

έδσζε ηα θαιύηεξα απνηειέζκαηα. 

Σέινο, νη επνρέο θαη νη λεπξώλεο θάζε ζηξώκαηνο ήηαλ πνιύ ζεκαληηθό λα δηαηεξεζνύλ ζε 

κηθξνύο αξηζκνύο, 200 επνρέο σο κέγηζηε ηηκή θαη 100 θαη 50 λεπξώλεο ζην πξώην θαη ην 

δεύηεξν ζηξώκα, θαζώο νη πεξηζζόηεξεο επνρέο ή πεξηζζόηεξνη λεπξώλεο ζε έλα ζηξώκα 

πξνθαινύζαλ overfitting ηνπ κνληέινπ. Απηό ζεκαίλεη όηη νη πξνβιέςεηο καο δελ ζα 

κπνξνύζαλ λα έρνπλ θνξπθέο είηε αξλεηηθέο είηε ζεηηθέο.  
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Μηα παξάκεηξνο πνπ έπαημε κεγάιν ξόιν ήηαλ ν ξπζκόο ηνπ ζηξώκαηνο 

εγθαηάιεηςεο(dropout rate) θαζώο θαη πόζα dropout επίπεδα ππήξραλ ζην λεπξσληθό καο 

δίθηπν. Υξεζηκνπνηώληαο 2 επίπεδα dropout ηεο ηάμεο ηνπ 0,1 θαη 0,2, καο έδσζαλ ηα 

θαιύηεξα απνηειέζκαηα θαζώο κείσζαλ ην εύξνο ησλ πξνβιεπόκελσλ ηάζεσλ θαη 

επέηξεςαλ ζην κνληέιν λα πξνβιέςεη πεξηζζόηεξεο θνξπθέο ηηκήο. 

  

Figure 22 

Figure 21 
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2.7 Multivariate Unistep ενανηίυν Multivariate Multistep ανάλςζη 

δεδομένυν σπονοζειπάρ με LSTM 

Γηα ηελ αλάιπζε multivariate δηαιέμακε ραξαθηεξηζηηθά κε ζπζρεηηζκν κε ηηκή κεγαιύηεξν 

ηνπ 0.2 θαη πνπ εκθαληδόληνπζαλ ζε κεγάιν πνζνζηό. Γηα απηό ην ιόγν θάζε 

ραξαθηεξηζηηθό ηνπ ηύπνπ «co_» έπξεπε λα αθαηξεζεί. 

Αθνινπζώληαο ην παξάδεηγκα κε univariate, θάλακε πξώηα πξνβιέςεηο από ζεκείν ζε 

ζεκείν θαη ζηε ζπλέρεηα πξνζπαζήζακε λα πξνβιέςνπκε πνιιαπιέο ηάζεηο. Απηή ηε θνξά 

πξαγκαηνπνηήζακε πεηξακαηηζκνύο κε δηάθνξα ραξαθηεξηζηηθά γηα λα δείμνπκε πώο ε 

αθαίξεζε ησλ ραξαθηεξηζηηθώλ ζα κπνξνύζε λα επεξεάζεη ην ζπλνιηθό θέξδνο 

πιεξνθνξίαο πνπ αληηπξνζσπεύζακε ππνινγίδνληαο ηελ ηηκή RMSE [14]. 

Δθηεινύκε ην ίδην κνληέιν ρξεζηκνπνηώληαο  5, 6, 7, 8 θαη 9 ραξαθηεξηζηηθά. 

Σν βέιηηζην λεπξηθό δίθηπν ζπλίζηαηαη από 3 ζηξώκαηα LSTM κε 100, 50 θαη 50 λεπξώλεο 

αληηζηνίρσο, θαζώο θαη 1 ζηξώκα dropout πνπ ξπζκίζηεθε ζε 0,3. Σν ηειεπηαίν ζηξώκα 

ήηαλ έλα dense  ζηξώκα κε γξακκηθή ζπλάξηεζε ελεξγνπνίεζεο. 

Οη hyperparameters θαη ηα εύξε ηηκώλ ηνπο πνπ δνθηκάζακε, θαζώο θαη ηα απνηειέζκαηα, 

κπνξνύλ λα δνπλ παξαθάησ. 

Tα απνηειέζκαηα πνπ πήξακε ήηαλ θαιύηεξα (κηθξόηεξα RMSE) όηαλ ρξεζηκνπνηήζεθαλ 

πεξηζζόηεξα ραξαθηεξηζηηθά, θαζώο ππήξρε ιηγόηεξε απώιεηα πιεξνθνξηώλ. Δπίζεο, 

κηθξόηεξν κήθνο αιιεινπρίαο είρε σο απνηέιεζκα κηθξόηεξν rmse θαη ιηγόηεξεο επνρέο 

είραλ σο απνηέιεζκα κηθξόηεξo overfitting θαη θαηά ζπλέπεηα θαιύηεξε ηηκή rmse. 

Figure 23 
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 Table 8: Results grid after fitting models produced using hyperparameters – Uniques 

 

Σν ίδην κπνξεί λα παξαηεξεζεί γηα ηελ πξόβιεςε ζε πνιιά ζηάδηα [15]. Όηαλ ν δηαρσξηζκόο 

εθπαίδεπζεο / δνθηκήο δηαηεξείηαη ζε 0,4 θαίλεηαη λα είλαη ε βέιηηζηε ηηκή γηα ηελ 

πξόβιεςε ηάζεσλ ζε ρακειά κήθε αθνινπζίαο. Όζνλ αθνξά ηηο επνρέο, κε 100 ή ιηγόηεξεο 

επνρέο, ην κνληέιν κπνξεί λα πξνβιέςεη κε αθξίβεηα ηηο ηάζεηο. Δπίζεο, ν ξπζκόο 

εγθαηάιεηςεο 0,2 ή 0,3 επηηξέπεη ζην κνληέιν λα πξνβιέπεη πην έληνλα θαηώηαηα όξηα. Οη 

λεπξώλεο δελ παίδνπλ ηόζν κεγάιν ξόιν, αιιά ζηηο πςειόηεξεο ηηκέο πξνβιέςακε ιηγόηεξεο 

θνξπθέο.  

Table 8 

Figure 24 
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΢πλνιηθά, όπσο θαίλεηαη θαη ζηηο παξαπάλσ πινθέο, γηα ηα ραξαθηεξηζηηθά 5 θαη 9 

αληίζηνηρα, έρνληαο πεξηζζόηεξα ραξαθηεξηζηηθά, επέηξεςαλ ζην κνληέιν καο λα πξνβιέςεη 

ηηο θαιύηεξεο ηάζεηο θαη ηα πιάηε ηνπο [18]. 

2.8 ΢ςμπέπαζμα 

Δλώ ε δηαδηθαζία πξόβιεςεο θάλεθε αξρηθά δύζθνιε, θαηαθέξακε λα έρνπκε πνιύ θαιό 

απνηέιεζκα ζε πξνβιέςεηο γηα κνλαδηθά ζηνηρεία θαζώο θαη θαιέο πξνβιέςεηο πνιιώλ 

ζηαδίσλ. Παξόιν πνπ ε δηαδηθαζία αμηνιόγεζεο ηεο πξόβιεςεο πνιιαπιώλ ζηαδίσλ δελ 

ήηαλ βέιηηζηε, ζα κπνξνύζακε λα βξνύκε ζπγθεθξηκέλνπο ππεξπαξακεηξηθνύο παξάγνληεο 

νη νπνίνη ιεηηνπξγνύζαλ θαιύηεξα παξαηεξώληαο ηηο πινθέο θαη εμάγνληαο ηα 

ζπκπεξάζκαηά ηνπο.Έρνληαο νινθιεξσκέλεο παξαηεξήζεηο γηα θάζε κνλαδηθό αληηθείκελν 

ηνπ παηρληδηνύ, ζα κπνξνύζακε λα δεκηνπξγήζνπκε κνληέια γηα θαζέλα θαη ζηε ζπλέρεηα λα 

απηνκαηνπνηήζνπκε ηε δηαδηθαζία πξόβιεςεο ησλ ηηκώλ ηνπο. Μία ηδέα γηα ηελ επηινγή ηνπ 

θαιύηεξνπ κνληέινπ κεηά από βειηηζηνπνίεζε hyperparameters ζα ήηαλ λα αμηνινγεζεί 

θάζε κνληέιν ζύκθσλα κε έλα ζπγθεθξηκέλν ζθνπό π.ρ. ηελ πξόβιεςε ησλ απνδόζεσλ ηεο 

αγνξάο ζην εκπόξην θαη ηε ρξήζε ηνπ θέξδνπο θαη ηεο δεκίαο (PnL) σο κεηξήζεηο. 
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Κεθάλαιο 3: Ανάλςζη δεδομένυν Rares - Ππόβλετη ηιμών 

3.1 Γενικά 

Παξαηεξώληαο ηα Rare αληηθείκελα κε ηελ πξώηε καηηά, ην πξόβιεκα ήηαλ ν κεηαβιεηόο 

αξηζκόο ραξαθηεξηζηηθώλ γηα θάζε παξαηήξεζε. Λακβάλνληαο ππόςε όηη θάζε Rare 

αληηθείκελν, πνπ ζεκαίλεη θάζε παξαηήξεζε, δελ κπνξνύζε λα έρεη πεξηζζόηεξα από 12 

ραξαθηεξηζηηθά θαη ν αξηζκόο ησλ παξαηεξήζεσλ ήηαλ πεξίπνπ 580.000 (πξηλ αθαηξεζνύλ 

ηα απνζέκαηα), έγηλε θαλεξό όηη ν αξηζκόο δηαθνξεηηθώλ ζπλδπαζκώλ ησλ 90+ 

ραξαθηεξηζηηθώλ καο,  ήηαλ πνιύ κεγαιύηεξνο ησλ παξαηεξήζεσλ. Κάπνηνη ζπλδπαζκνί δελ 

εκθαλίζηεθαλ θαζόινπ θαη θάπνηνη άιινη εκθαλίζηεθαλ κόλν κία θνξά. 

Πξνζπαζήζακε λα αληηκεησπίζνπκε ην πξόβιεκα κε δηάθνξνπο ηξόπνπο, είηε σο πξόβιεκα 

regression ρξεζηκνπνηώληαο δηαθνξεηηθνύο αιγνξίζκνπο ή δηαθνξεηηθά λεπξσληθά δίθηπα 

είηε θάλνληαο ην ίδην πξάγκα, αιιά σο πξόβιεκα ηαμηλόκεζεο, ρσξίδνληαο ηηο δηαθνξεηηθέο 

ηηκέο αληηθεηκέλσλ ζε θνκκάηηα εύξνπο ηηκώλ. 

3.2 Σο ζύνολο δεδομένυν 

Έλα ζεκαληηθό πξόβιεκα κε ην ζύλνιν δεδνκέλσλ ήηαλ ν κεηαβιεηόο αξηζκόο 

ραξαθηεξηζηηθώλ γηα θάζε παξαηήξεζε. Κάζε παξαηήξεζε, πνπ ζεκαίλεη θάζε ζηνηρείν, δελ 

κπνξεί λα έρεη πεξηζζόηεξα από έλα νξηζκέλν αξηζκό γεληθεπκέλσλ ραξαθηεξηζηηθώλ. Απηό 

ζήκαηλε όηη θαζέλα από απηά ηα ραξαθηεξηζηηθά δελ ζα κπνξνύζε λα εκθαληζηεί ζε όιεο ηηο 

παξαηεξήζεηο. Οξηζκέλα εκθαλίζηεθαλ πνιιέο θνξέο (γηα παξάδεηγκα, ην 'ex_ # to 

maximum life' εκθαλίδεηαη ζην 75,27% ησλ παξαηεξήζεώλ καο) θαη θάπνηα άιια 

ραξαθηεξηζηηθά εκθαλίδνληαη πνιύ ιηγόηεξα (γηα παξάδεηγκα "ex_gain onslaught γηα # 

δεπηεξόιεπηα όηαλ ρηππήζνπλ" εκθαλίδνληαη ζην 0.001891% [19].  

Γνθηκάζακε δηαθνξεηηθέο ζηξαηεγηθέο γηα λα αληηκεησπίζνπκε ην παξαπάλσ πξόβιεκα. 

Δίηε γεκίζακε ηηο ηηκέο πνπ έιεηπαλ από θαζέ ζηήιε είηε αθαηξέζακε ραξαθηεξηζηηθά ηα 

Table 9 
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νπνηα δελ εκθαλίδνληαλ ζε κεγάιν πνζνζηό. Σειηθά απνδείρηεθε πσο αθήλνληαο ηα 

ραξαθηεξηζηηθά σο έρνπλ ήηαλ ε θαιύηεξε ζηξαηεγηθή. 

Dependent variable y (price_amount) distribution  

 

Έλα άιιν πξόβιεκα ήηαλ ν αξηζκόο ησλ παξαηεξήζεσλ πνπ ζρεηίδνληαη κε θάζε 

δηαθνξεηηθή ηηκή. Η ζπγθέληξσζε ησλ παξαηεξήζεσλ καο ζε δηαθνξεηηθέο ζεηξέο ηηκώλ καο 

έδσζε ηα αθόινπζα απνηειέζκαηα. 

 
Figure 26 

 

Δίλαη ζαθέο όηη έρνπκε πνιύ πεξηζζόηεξεο παξαηεξήζεηο κε ηηκή <2. Γηα ην ιόγν 

απηό, κηα ηδέα ήηαλ λα κεηαηξέςνπκε ηε κεηαβιεηή-ζηόρν θάζε παξαηήξεζεο, ηηκήο, γηα λα 

αθνινπζήζνπκε κηα Gaussian θαηαλνκή ρξεζηκνπνηώληαο ινγάξηζκν. Η κεηαηξνπή ηεο 

ηηκήο επηζηξέθεη ηελ αθόινπζε δηαλνκή:  

 

 Figure 27 
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Αθνύ εθηειέζνπκε έλα βαζηθό λεπξσληθό δίθηπν, πξηλ πάξνπκε ηνλ θπζηθό ινγάξηζκν ησλ 

ηηκώλ θαη κεηά, έρνπκε ηα αθόινπζα απνηειέζκαηα: 

 

3.3 Καηαζκεςή σαπακηηπιζηικών 

Έλα κεγάιν κέξνο ηνπ πξνβιήκαηνο ήηαλ ε ρξήζε ησλ γλώζεσλ γηα ηα δεδνκέλα γηα ηε 

δεκηνπξγία λέσλ ραξαθηεξηζηηθώλ. Απηό ήηαλ ζεκειηώδεο γηα ηελ επίηεπμε θαιύηεξσλ 

απνηειεζκάησλ γηα ηνπο αιγόξηζκνπο καο. Απηά ηα ραξαθηεξηζηηθά ήηαλ:  

● #_of_ele_resistances :  

● #_of_resistances 

● total_ele_resistance 

● total_resistance 

 

Μεπική Δξάπηηζη (Partial Dependence) 

Η γξαθηθή παξάζηαζε κεξηθήο εμάξηεζεο [20] δείρλεη ην νξηαθό απνηέιεζκα πνπ έρνπλ έλα 

ή δύν ραξαθηεξηζηηθά ζηελ πξνβιεπόκελε έθβαζε ελόο κνληέινπ κεραληθήο κάζεζεο. Μηα 

γξαθηθή απεηθόληζε κεξηθήο εμάξηεζεο κπνξεί λα δείμεη εάλ ε ζρέζε κεηαμύ ηνπ ζηόρνπ θαη 

ελόο ραξαθηεξηζηηθνύ είλαη γξακκηθή, κνλόηνλε ή πην πεξίπινθε. 

 

Υξεζηκνπνηώληαο κεξηθή εμάξηεζε αλαιύζακε ηελ εμάξηεζε ησλ ηηκώλ θάζε 

ραξαθηεξηζηηθνύ από ηε κεηαβιεηή ζηόρνπ θαη δεκηνπξγήζακε δύν λέα ραξαθηεξηζηηθά, 

no_of_good_features θαη no_of_bad_features. ΢ύκθσλα κε ηε γλώζε πάλσ ζην ηνκέα, έλα 

ζηνηρείν πνπ έρεη κηα ζεηξά θαιώλ ραξαθηεξηζηηθώλ πάλσ από έλα νξηζκέλν όξην ζεσξείηαη 

πνιύηηκν θαη έλα ζηνηρείν πνπ έρεη κηα ζεηξά θαθώλ ραξαθηεξηζηηθώλ πάλσ από έλα 

ζπγθεθξηκέλν όξην ζεσξείηαη άρξεζην. Αθνύ θαηαζθεπάζνπκε απηά ηα 2 λέα 

ραξαθηεξηζηηθά, ρξεζηκνπνηνύκε θαη πάιη κεξηθή εμάξηεζε γηα λα βεβαησζνύκε πσο ε 

αξρηθή ππόζεζή καο ήηαλ ζσζηή. 

Table 10 
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3.4 Outliers 

Γηα ηνπο outliers ρξεζηκνπνηήζακε IQR θαη Z-score κεζνδνπο όπσο θαη πξηλ. Δπεηδή 

αθαηξώληαο outliers αθαηξνύκε πεξίπνπ ην 1/3 από ηηο παξαηεξήζεηο καο κε ηηκή 

κεγαιύηεξε ηνπ 150 , απνθαζίζακε λα αθαηξέζνπκε ηειηθα ηηο αθξαίεο ηηκέο. 

Υξεζηκνπνηώληαο έλα από ηα λεπξσληθά καο δίθηπα, έρνληαο ηξέμεη ην κνληέιν κε θαη ρσξίο 

outliers, έρνπκε αθξίβεηα 60,2% γηα ηα ζηνηρεία πξόβιεςεο κε ηηκή ηηκήο> 150 κε outliers, 

ελώ κόλν 50,7% ρσξηο outliers. 

 

    price >150 

with outliers 0.65% 

without outliers 1.80% 

Figure 28 

Table 11 
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3.5 Πποζέγγιζη – Regression ενανηίυν Classification 

 

Ο αξρηθόο καο ζηόρνο ήηαλ λα δεκηνπξγήζνπκε έλα κνληέιν regression(regression), ην νπνίν 

ζα κπνξνύζε λα ηηκνινγήζεη ζηνηρεία κέζα ζε έλα ζρεηηθά κηθξό πεξηζώξην από ηηο 

πξαγκαηηθέο ηνπο ηηκέο. Υσξίο λα ρξεζηκνπνηνύκε ηηο ινγαξηζκηθέο αμίεο ηεο ηηκήο ηηκήο, ηα 

απνηειέζκαηά καο δελ ήηαλ ηόζν θαιά, αθνύ δελ κπνξνύζακε λα ηηκνινγήζνπκε ζηνηρεία 

κε αθξίβεηα 42% ή παξαπάλσ. Μεηά ην ινγαξηζκηθό κεηαζρεκαηηζκό ηα απνηειέζκαηά καο 

βειηηώζεθαλ, αιιά ζε θάπνηεο πεξηπηώζεηο ήηαλ αθόκα πνιύ κηθξά. 

 

Απηό καο έδσζε ηελ ηδέα λα ρσξίζνπκε ηηο ηηκέο καο ζε θάδνπο ηηκώλ θαη αληί λα 

πξνζπαζήζνπκε λα ρηίζνπκε έλα κνληέιν regression, λα πξνζπαζήζνπκε λα ηαμηλνκήζνπκε 

ζε πνην εύξνο ηηκήο  θάζε αληηθείκελν αλήθε. Υξεζηκνπνηώληαο έλαλ δπλακηθό αιγόξηζκν, ν 

νπνίνο ρξεζηκνπνίεζε ην ειάρηζην πνζνζηό θάζε εύξνπο ηηκώλ θαη ην κέγηζην εύξνο από ηε 

ρακειόηεξε θαη ηελ πςειόηεξε ηηκή ηνπ εύξνπο σο παξακέηξνπο, ρσξίζακε ηελ ηηκή ζε 

ηκήκαηα όπσο θαίλεηαη ζην παξαθάησ γξάθεκα. 

 

3.6 K-fold 

Η δηαζηαπξνύκελε επηθύξσζε είλαη κηα δηαδηθαζία επαλαδεηγκαηνιεςίαο πνπ 

ρξεζηκνπνηείηαη γηα ηελ αμηνιόγεζε κνληέισλ κεραληθήο κάζεζεο ζε έλα πεξηνξηζκέλν 

δείγκα δεδνκέλσλ. Η δηαδηθαζία έρεη κηα κόλν παξάκεηξν πνπ νλνκάδεηαη k πνπ αλαθέξεηαη 

ζηνλ αξηζκό ησλ νκάδσλ ζηηο νπνίεο πξόθεηηαη λα ρσξηζηεί έλα δεδνκέλν δείγκα δεδνκέλσλ. 

Ωο εθ ηνύηνπ, ε δηαδηθαζία ζπρλά νλνκάδεηαη k-fold cross-validation. 

΢ηε δηθή καο πεξίπησζε όζν κηθξόηεξε ε ηηκή ηνπ k ηόζα πεξηζζόηεξνπο δηαθνξεηηθνύο δελ 

ζα έβιεπε ην κνληέιν καο θαη ηόζν δπζθνιόηεξν ζα ήηαλ λα ην εθπαηδεύζνπκε. Σειηθά 

ρξεζηκνπνηήζακε k=10 ρσξίδνληαο ην ζύλνιν δεδνκέλσλ καο ζε 90% θαη 10% θνκκάηηα 

εθπαίδεπζεο θαη δνθηκώλ αληίζηνηρα από ην ζύλνιν δεδνκέλσλ.  

 

 

Figure 29 
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3.7 Grid Search 

Πξηλ μεθηλήζνπκε ην hyperparameter tuning κε ηε ρξήζε ηνπ GridSearch, έπξεπε λα 

επηιέμνπκε ηα εύξε καο, ηηο δηάθνξεο ζπλαξηήζεηο ελεξγνπνίεζεο, ηνπο βειηηζηνπνηεηέο 

θιπ. Δπίζεο, έπξεπε λα επηιέμνπκε πόζα θξπθά ζηξώκαηα θαη επίπεδα απνρώξεζεο 

επξόθεηην λα ρξεζηκνπνηήζνπκε.  

 

Πεηξακαηίζακε κε ηα παξαθάησ λεπξσληθά δίθηπα: 

● 1 θξπθό ζηξώκα 

● 2 θξπκκέλα ζηξώκαηα 

● 2 θξπκκέλα ζηξώκαηα 1 απόξξηςε 

● 2 θξπκκέλα ζηξώκαηα 2 dropouts 

● 3 θξπκκέλα ζηξώκαηα 2 dropouts 

● 4 θξπκκέλα ζηξώκαηα 2 dropouts 

● 5 θξπκκέλα ζηξώκαηα 2 dropouts 

 

Από ηα παξαπάλσ, ρξεζηκνπνηώληαο 2 θξπκκέλα ζηξώκαηα θαη 2 dropouts καο έδσζαλ ηελ 

θαιύηεξε απόδνζε ζπλνιηθά. Υξεζηκνπνηώληαο πεξηζζόηεξα από 2 θξπθά ζηξώκαηα 

απμήζεθε κόλν ν ρξόλνο πνπ ρξεηάζηεθε γηα λα εθπαηδεύζνπκε ην κνληέιν καο θαη λα 

κεηώζνπκε ηηο επνρέο πνπ απαηηνύληαη κέρξη ην κνληέιν καο λα αξρίζεη λα ππεξηζρύεη. Η 

ζύγθξηζε ησλ δύν κε κνληέιν regression καο έδσζε ηα αθόινπζα απνηειέζκαηα:  

 

 

3.8 Μεηπήζειρ αξιολόγηζηρ 

Αλαιύνληαο ην πξόβιεκα κε αιγόξηζκνπο regression, νη κεηξήζεηο πνπ κπνξνύζακε λα 

ρξεζηκνπνηήζνπκε ήηαλ κέζεο ηηκέο ηεηξαγσληθώλ ζθαικάησλ(mse), κέζνπ απόιπηνπ 

ζθάικαηνο(mae)  ή κέζνπ απόιπηνπ πνζνζηνύ ζθάικαηνο(mape). Παξόιν πνπ θαη ηα 3 ζα 

κπνξνύζαλ λα ρξεζηκνπνηεζνύλ γηα ηε κέηξεζε ηεο αθξίβεηαο γηα ζπλερείο κεηαβιεηέο, 

θαλέλα από ηα παξαπάλσ δελ καο βνήζεζε λα πξνζδηνξίζνπκε γηαηί ην κνληέιν καο ήηαλ 

ιάζνο ζηηο πξνβιέςεηο καο, πνην εύξνο ηηκήο είρε ηελ θαιύηεξε αθξίβεηα θαη πώο άιιαμε 

απηή ε αθξίβεηα κε δηαθνξεηηθνύο ππεξπαξακεηξηθνύο παξάγνληεο. 

 

Table  12 
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Γηα ην ιόγν απηό θσδηθνπνηήζακε ηε δηθή καο κέηξεζε αθξίβεηαο γηα ηα κνληέια regression, 

ππνινγίδνληαο ην πνζνζηό ζθάικαηνο θάζε πξόβιεςεο. Δάλ ε πξόβιεςή καο ήηαλ 

κηθξόηεξε από ην 40% ηεο πξαγκαηηθήο ηηκήο, ηόηε ππνινγίζακε ηελ πξόβιεςε σο ζσζηή 

γηα ην εύξνο ηηκήο ηεο πξαγκαηηθήο ηηκήο. Με απηόλ ηνλ ηξόπν ππνινγίζακε ηελ αθξίβεηα 

πξνβιέςεσλ θάζε εύξνπο ηηκώλ. 

 

Αλαιύνληαο ην πξόβιεκα κε  classification, ππνινγίζακε όρη κόλν ηε ζπλνιηθή αθξίβεηα 

θάζε κνληέινπ ρξεζηκνπνηώληαο ηελ ελζσκαησκέλε βηβιηνζήθε κέηξεζεο ηεο sklearn, αιιά 

ππνινγίζακε επίζεο ηε ζπλνιηθή αθξίβεηα θάζε εύξνπο ηηκώλ. 

 

3.9 Αποηελέζμαηα 

Τπνινγίδνληαο ηελ αθξίβεηα ηεο πξόβιεςεο γηα ηα κνληέια regression θαη classification κεηά 

από Grid Search  έρνπκε ην αθόινπζν δηάγξακκα. 

Μπνξνύκε λα δνύκε όηη θάζε κνληέιν classification δίλεη πςειόηεξε αθξίβεηα πξόβιεςεο 

από νπνηνδήπνηε άιιν κνληέιν. Σν XGBoost έρεη αθξίβεηα 66,76%, ην νπνίν είλαη αξθεηά 

ζεκαληηθό γηα έλα out of the box ρσξίο αιγόξηζκν ζπληνληζκνύ κνληέιν. Σα κνληέια 

Figure 35 
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"κεζαίαο" αθξίβεηαο από 57% έσο 53% απνηεινύληαη από ηα Decision Trees γηα 

classification θαη όια ηα άιια κνληέια regression κε ζπλαξηήζεηο ελεξγνπνίεζεο Linear θαη 

Swish. Μόλν έλα κνληέιν κε ζπλάξηεζε ελεξγνπνίεζεο Sigmoid έρεη αθξίβεηα 53% θαη όια 

ηα άιια είλαη θάησ από 47%. ΢ηελ πξαγκαηηθόηεηα, ρσξίο απηή ηελ εμαίξεζε, θάζε κνληέιν 

κε ζπλάξηεζε ελεξγνπνίεζεο Sigmoid απνδίδεη άζρεκα. 

 

Από ην παξαπάλσ δηάγξακκα παξαηεξνύκε όηη πξέπεη λα ρξεζηκνπνηήζνπκε κηα πξνζέγγηζε 

classification ζην πξόβιεκά καο θαη λα επηιέμνπκε ην κνληέιν κε ηελ θαιύηεξε αθξίβεηα. 

Αλ θαη απηό ζα ήηαλ ζσζηό γηα ηε ζπλνιηθή αθξίβεηα καο, δελ έρνπκε πιεξνθνξίεο γηα ηελ 

αθξίβεηα αλά εύξνο ηηκήο. Λακβάλνληαο ππόςε όηη ην ζύλνιν δεδνκέλσλ καο δελ έρεη θαιή 

θαηαλνκή ησλ ηηκώλ, θαζώο ην 60% ησλ ηηκώλ θπκαίλεηαη από 0 έσο 2, ζα κπνξνύζε 

απνδίδεη πνιύ θαιά γηα απηά ηα εύξε ηηκώλ θαη λα έρεη ρακειόηεξε απόδνζε γηα ηα άιια. 

Γηα ην ιόγν απηό, πξέπεη λα εμεηάζνπκε πξνζεθηηθά ηηο αθξίβεηεο αλά εύξνο ηηκήο, 

ζπάδνληαο ην πξόβιεκα ζε 3 δηαθνξεηηθέο πεξηπηώζεηο: ηα κνληέια πξόβιεςεο πςειήο, 

κεζαίαο θαη ρακειήο αθξίβεηαο 

 

Μονηέλα ππόβλετηρ ςτηλήρ ακπίβειαρ  

Όπσο ππνπηεπζήθακε, ην κνληέιν καο απνδίδεη εμαηξεηηθά θαιά γηα ην εύξνο ηηκώλ (0, 2) κε 

αθξίβεηα πξόβιεςεο άλσ ηνπ 95% ρξεζηκνπνηώληαο ην XGBoost. Παξαηεξώληαο ηα άιια 

εύξε ηηκώλ επηηπγράλνπκε αμηνπξεπή αθξίβεηα πξνβιέςεσλ 65% 50,150] θαζώο θαη γηα ην 

θάζκα ησλ ηηκώλ ησλ 10,30 Γηα ηα αληηθείκελα πνπ θπκαίλνληαη κεηαμύ 150 θαη πάλσ από 

ην κνλαδηθό κνληέιν πνπ πξνζεγγίδεη ην 35% είλαη ν classifier κε 50 επνρέο, 

ρξεζηκνπνηώληαο όια ηα ραξαθηεξηζηηθά θαη ρσξίο outliers. 

Γηα ηα εύξε ησλ (2, 5] θαη (30, 50) ηα κνληέια καο είλαη θαθά κε αθξίβεηα 20-22%. 

ρξεζηκνπνηήζακε απηό ην κνληέιν γηα λα ηαμηλνκήζνπκε ηελ ηηκή ελόο ζηνηρείνπ, ζα 

κπνξνύζακε λα είκαζηε σο επί ην πιείζηνλ ζσζηνί γηα 3 από ηα εύξε ηηκώλ, αιιά λα είκαζηε 

απνιύησο ιάζνο γηα ηνπο άιια 4. Απηό επηβεβαηώλεη ηηο ππνςίεο καο όηη ε επηινγή 

βαζηδόκελε απνθιεηζηηθά ζηε ζπλνιηθή αθξίβεηα πξόβιεςεο ελόο κνληέινπ, δελ καο δίλεη ηα 

θαιύηεξα απνηειέζκαηα. 



   
 

Page 101 of 109 
 

Μονηέλα ππόβλετηρ μεζαίαρ ακπίβειαρ 

Μειεηώληαο θάζε θιίκαθα ηηκώλ μερσξηζηά κπνξνύκε λα θαηαιήμνπκε ζηα αθόινπζα 

ζπκπεξάζκαηα: 

 Γηα ην εύξνο ηηκώλ (0, 2) παξαηεξνύκε όηη θάζε κνληέιν regression έρεη ρακειόηεξε 

αθξίβεηα πξόβιεςεο από ηνλ κνλαδηθό classifier ηεο νκάδαο καο, ν νπνίνο 

ρξεζηκνπνίεζε Decision Trees, αιιά θαη από ηνπο άιινπο classifier ζην πξνεγνύκελν 

δηάγξακκα. είλαη απηή πνπ ρξεζηκνπνηεί κηα ζπλάξηεζε ελεξγνπνίεζεο Swish, πνπ 

εθηειείηαη γηα 30 ρξνληθέο πεξηόδνπο ρσξίο αθξαίεο ηηκέο θαη ρξεζηκνπνηεί 45 

ραξαθηεξηζηηθά κεηά ηελ επηινγή ησλ ραξαθηεξηζηηθώλ. 

Figure 36 
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 Γηα ην εύξνο ηηκώλ (2, 5) επηηπγράλεηαη αθξίβεηα πξόβιεςεο ζρεδόλ 53% όηαλ 

εθηειείηαη regression κε 45 ραξαθηεξηζηηθά, γηα 50 ρξνληθέο πεξηόδνπο, 

ρξεζηκνπνηώληαο κηα ιεηηνπξγία Γξακκηθήο ελεξγνπνίεζεο θαη ρσξίο outliers. 

Υξεζηκνπνηώληαο κηα ζπλάξηεζε ελεξγνπνίεζεο Swish, έρνπκε κηα αθξίβεηα 41% 

πεξίπνπ ή ρεηξόηεξε, κε 20 επνρέο πνπ βπζίδνληαη ζε αθξίβεηα 30% .Απηό είλαη πνιύ 

θαιύηεξν από ηε ρξήζε ελόο κνληέινπ classification πνπ είρε αθξίβεηα 25%, κε άιια 

ιόγηα, ρξεζηκνπνηώληαο regression αληί γηα classification, δηπιαζηάδνπκε ηελ 

αθξίβεηά καο γηα απηό ην εύξνο ηηκώλ 

 Γηα ηελ ηηκή ηηκώλ (5,10) ε αθξίβεηά καο δελ είλαη ηόζν θαθή όζν πξηλ, αιιά δελ 

κπνξνύκε λα πξνβιέςνπκε κε αθξίβεηα άλσ ηνπ 40% εάλ έλα ζηνηρείν αλήθεη ζε 

απηό ην εύξνο ηηκώλ. πάλσ από 36%, παξαηεξνύκε όηη ε αθαίξεζε ησλ outliers 

κεηώλεη ηελ αθξίβεηα ησλ πξνβιέςεώλ καο, πηζαλώο επεηδή απηέο νη ηηκέο ήηαλ 

παξαηεξήζεηο γηα ηα πςειόηεξα εύξε ηηκώλ αιιά είραλ ζπλδπαζκνύο ζηνηρείσλ πνπ 

αλήθνπλ ζε ρακειόηεξν εύξνο ηηκώλ. 

 Γηα ηελ θιίκαθα ηηκώλ (10,30) κε regression, έρνπκε κηα ρακειόηεξε αθξίβεηα 

ζρεδόλ θαηά 10%. Όπνηα θαη αλ είλαη νη ππεξπαξακεηξηθέο ηηκέο, νη αθξίβεηεο ήηαλ 

πνιύ θνληά, κε εμαίξεζε ηηο ζπλαξηήζεηο ελεξγνπνίεζεο κε Linear νη νπνίεο καο 

έδσζαλ ηα θαιύηεξα απνηειέζκαηα (από 54,7 έσο 56,6%) 

 Γηα ην εύξνο ηηκώλ (30,50) παξαηεξνύκε αύμεζε ηεο αθξίβεηαο ζρεδόλ 3 θνξέο από 

ηνλ πςειόηεξν αιγόξηζκν ηαμηλόκεζεο πνπ είλαη ε Decision Trees κε αθξίβεηα 

26,7%. Με ηελ regression επηηπγράλεηαη αθξίβεηα 68,7% κε ηε ρξήζε γξακκηθήο 

ελεξγνπνίεζεο Η αύμεζε ησλ επνρώλ κεηά ηελ ηηκή ησλ 50 δελ απμάλεη ηελ αθξίβεηά 

καο, αθνύ βιέπνπκε ην κνληέιν καο κε 100 επνρέο θαη κηα ζπλάξηεζε γξακκηθήο 

ελεξγνπνίεζεο κε ρακειόηεξε αθξίβεηα . 

 Γηα ην εύξνο ηηκώλ (50,150), ηα κνληέια regression είλαη ηόζν θαιά όζν ηα 

ηαμηλνκεηηθά καο θαη αθόκα θαιύηεξα, αθνύ ε ζπλάξηεζε ελεξγνπνίεζεο Swish κε 

50epochs θαη ρσξίο αθξίβεηα δίλεη αθξίβεηα 68,88% θαη κε γξακκηθή ελεξγνπνίεζε 

έρνπκε 67,2% αθξίβεηα. 

 Γηα ην εύξνο ηηκώλ ησλ 150 θαη άλσ γηα 50 επνρέο, ρξεζηκνπνηώληαο κηα ιεηηνπξγία 

ελεξγνπνίεζεο Swish, έρνπκε 51,87% αθξίβεηα ελώ κε ηε ρξήζε classification 

έρνπκε αθξίβεηα 35,51%. 
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Figure 37 
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Μονηέλα ππόγνυζηρ σαμηλήρ ακπίβειαρ  

Όπσο κπνξνύκε λα δνύκε, ν ιόγνο γηα ηνλ νπνίν ηα ηειεπηαία κνληέια καο είραλ ηόζν 

ρακειή ζπλνιηθή αθξίβεηα πξόβιεςεο, ήηαλ επεηδή δελ κπνξνύζαλ λα πξνβιέςνπλ θαλέλα 

ζηνηρείν από 5 ζε πάλσ από 150 ηηκέο. Απηό ζπκβαίλεη ιόγσ ηεο θύζεο ηεο ζπλάξηεζεο 

Sigmoid, όπσο αλαθέξζεθε πξνεγνπκέλσο, δελ κπνξεί λα παξάγεη αξλεηηθνύο αξηζκνύο. 

Παξόιν πνπ κηα ηηκή ελόο αληηθεηκέλνπ δελ κπνξεί λα έρεη αξλεηηθέο ηηκέο, 

ρξεζηκνπνηήζακε βαζηθή ινγαξηζκηθή ζπλάξηεζε ζε όιεο ηηο ηηκέο γηα θαιύηεξε θαηαλνκή 

θαη πήξακε αξλεηηθά απνηειέζκαηα θαη γη 'απηό κε ηε ρξήζε ηεο ζπλάξηεζεο ελεξγνπνίεζεο 

sigmoid δελ κπνξνύκε λα θάλνπκε πξνβιέςεηο γηα ηηκέο πςειόηεξεο από 5 

 

Figure 38 
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Αθνύ αλαιύζνπκε ηα κνληέια ρακειήο, κέζεο θαη πςειήο αθξίβεηαο πξόβιεςεο, βιέπνπκε 

όηη θάζε θαηεγνξία θάλεη θαιή δνπιεηά πξνβιέπνληαο έλα εύξνο ηηκώλ, αιιά όρη όια ηα 

εύξε. Απηό γίλεηαη αθόκα πην εκθαλέο όηαλ παξαηεξνύκε ηα θαιύηεξα κνληέια αλά πεξηνρή 

ηηκώλ ζε απηό ην ηειεπηαίν δηάγξακκα. 

Δίλαη ζαθέο όηη ηα κνληέια classification είλαη πξαγκαηηθά θαιά γηα ηηο πεξηνρέο (0,2], 

(10,30) θαη (50,150), κνληέια regression κε ζπλάξηεζε ελεξγνπνίεζεο Sigmoid γηα ην εύξνο 

ησλ (2,5), κνληέια regression κε ζπλάξηεζε γξακκηθήο ή swish ελεξγνπνίεζεο γηα ην 

εύξνο(30,50) θαη κνληέια regression ρξεζηκνπνηώληαο κηα ζπλάξηεζε ελεξγνπνίεζεο Swish 

γηα ηελ θιίκαθα ησλ 150 θαη άλσ. Γηα ην εύξνο ηηκώλ ησλ [5,10] δελ ππάξρνπλ κνληέια πνπ 

λα καο δίλνπλ κηα θαιή πξνβιέςεηο κε θαιή αθξίβεηα. 

 

Figure 39 
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3.10 Ensemble 

Παξαηεξώληαο ηα απνηειέζκαηα ηεο αλάιπζεο θαη ηεο απόδνζήο καο ζην ζύλνιν 

δεδνκέλσλ Rares βιέπνπκε όηη νη ρξεζηκνπνηνύκελνη αιγόξηζκνη δελ πξνζθέξνπλ ην 

θαιύηεξν απνηέιεζκα γηα όινπο ηνπο ηύπνπο ηηκώλ. Απηή είλαη κηα έλδεημε όηη 

εθαξκόδνληαο κεζόδνπο ensemble κπνξεί λα έρνπκε θαιύηεξε απόδνζε. Υξεζηκνπνηήζακε 

ςεθνθνξία κε ζηαζκηζκέλε πξόβιεςε.Σα ππνκνληέια πνπ ρξεζηκνπνηήζεθαλ είλαη: 

 

Δθπαηδεύζακε ηα κνληέια θαη ζπγθξνηήζακε ηηο πξνβιέςεηο ηνπο κε δηαθνξεηηθό βάξνο γηα 

ην θάζε κνληέιν. 

 

H κέζνδνο ensemble καο έδσζε βαζκνινγία αθξίβεηαο 57,12% βειηηώλνληαο ηελ 

πξνεγνύκελε βαζκνινγία απόδνζεο 55,41%, ε νπνία ήηαλ ε θαιύηεξε βαζκνινγία από ηα 4 

κνληέια πνπ ρξεζηκνπνηήζακε.Απηή ε πξώηε πξνζέγγηζε είλαη ε απινύζηεξε δπλαηή αθνύ 

έρνπκε θαιύηεξα απνηειέζκαηα όηαλ εθαξκόδνπκε αιγόξηζκνπο classification ζην ζύλνιν 

δεδνκέλσλ Rares.Η παξαγσγή ελόο ensemble  κνληέινπ κε ηα θαιύηεξα απνηειέζκαηα 

ηαμηλόκεζεο ή αθόκα θαη ε αλάπηπμε κηαο ζηνηβαγκέλεο ζπζζσκάησζεο(stacked 

aggregation) 2 επηπέδσλ ζα επέθεξε ελδερνκέλσο θαιύηεξα απνηειέζκαηα. 

 

3.11 ΢ςμπεπάζμαηα 

Σν ζύλνιν δεδνκέλσλ απνηειείηαη από 580.000 παξαηεξήζεηο πνπ θηινμελνύλ έλα 

κεηαβιεηό αξηζκό ραξαθηεξηζηηθώλ από 90+ έσο 510+ ζε ζπλδπαζκνύο ησλ 11. Όπσο 

θαίλεηαη ήδε ζηα δηαγξάκκαηα, νξηζκέλνη ζπλδπαζκνί κεηαμύ απηώλ ησλ ραξαθηεξηζηηθώλ 

είλαη κάιινλ ζπάληνη θαη έρνπλ κηθξή παξνπζία ζην ζύλνιν δεδνκέλσλ. Ωο απνηέιεζκα, νη 

αιγόξηζκνη δελ έρνπλ θαλέλα ηξόπν λα κάζνπλ θαη ε απόδνζε πέθηεη. 

 

Παξόιν πνπ θαλέλαο από ηνπο αιγνξίζκνπο καο δελ ήηαλ θαιόο ζηελ πξόβιεςε όισλ ησλ 

ηηκώλ ησλ αληηθεηκέλσλ, ηε ζπάζηκν ηεο ηηκήο ζε εύξνο ηηκώλ θαη παξαηεξώληαο απηά ηα 

εύξε ηηκώλ, καο έδσζε ηελ εηθόλα γηα ηνπο θαιύηεξνπο αιγόξηζκνπο ζε θάζε έλα από απηά. 

Αθνύ αληηκεησπίζακε ην πξόβιεκα κε classification, θαηνξζώζακε λα δεκηνπξγήζνπκε έλα 

Sub - learner Better results at segment 

Prediction 

Accuracy 

ANN with activation function ‘swish’, 

50 epochs, 45 features, without outliers 

(30,50 

(50,150 

(150,nan] 

(5,10] 

55.38% 

ANN  with activation function ‘swish’, 

 30 epochs, 45 features,  without outliers 
(0,2] 53.76% 

ANN  with activation function ‘sigmoid’, 

 30 epochs, 45 features,  without outliers 
(2,5] 47.44% 

ANN  with activation function ‘linear’, 

 100  epochs, 45 features,  without outliers 
(10,30] 55.41% 

Table 14 
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κνληέιν πνπ ζα πξνέβιεπε κε αθξίβεηα εάλ έλα ζηνηρείν ήηαλ πνιύηηκν ή όρη. Με έλα βαζκό 

απόδνζεο 97,65% ζην ηκήκα ηνπ (0, 2) ην κνληέιν είλαη αξθεηά ζίγνπξν όηη αληηθείκελα ζε 

απηό ην εύξνο ηηκήο δελ εηλαη πνιύηηκα. 

 

Γηα ην ηκήκα regression ηνπ πξνβιήκαηνο, ρξεζηκνπνηώληαο 4 δηαθνξεηηθά κνληέια 

regression θαη ρξεζηκνπνηώληαο ensemble, κπνξέζακε επίζεο λα βειηηώζνπκε ηε ζπλνιηθή 

αθξίβεηά καο. Η πξνζαξκνγή ησλ παξακέηξσλ καο θαη ε εύξεζε θαιύηεξσλ κέζσλ βαξώλ 

γηα ηα κνληέια καο ή ε δνθηκή δηαθνξεηηθώλ κνληέισλ ζα κπνξνύζαλ λα καο δώζνπλ αθόκα 

θαιύηεξα απνηειέζκαηα. Σέινο, ε ρξήζε ensemble ζε κνληέια classification ζα κπνξνύζε 

επίζεο λα βνεζήζεη ζηε βειηίσζε ηεο ζπλνιηθήο αθξίβεηάο καο. 

 

Αθνύ παξαηεξήζακε ηα απνηειέζκαηά καο, θαηαιήμακε ζην ζπκπέξαζκα όηη κηα κεγάιε 

βειηίσζε ζηηο επηδόζεηο ησλ αιγνξίζκσλ καο ζα ήηαλ ε πξνζζήθε πεξηζζόηεξσλ 

δεδνκέλσλ. Απηό ζα είρε σο απνηέιεζκα όρη κόλν δηαθνξεηηθνύο ζπλδπαζκνύο αιιά θαη 

πεξηζζόηεξεο παξαηεξήζεηο αλά εύξνο ηηκώλ. Τπάξρνπλ δηάθνξνη ηξόπνη κε ηνπο νπνίνπο 

κπνξνύκε λα πξνζζέζνπκε πεξηζζόηεξα δεδνκέλα: 

 

Ανάγνυζη ηηρ ηος API feed από ηην απσή ηος παισνιδιού 

Απηό ζα πεξηιάκβαλε πάλσ από 2,5 ρξόληα ζπλαιιαγώλ, αιιά ζα δεκηνπξγνύζε επίζεο 

νξηζκέλα πξνβιήκαηα, θαζώο ην API δελ έρεη ηηο ηδηόηεηεο ηνπ ρξόλνπ πνπ εηζήγακε θαη 

απηό ζα ζήκαηλε όηη είλαη αθόκε δπζθνιόηεξν λα απνκαθξπλζνύλ νη παξαιεξεκαηηθέο 

παξαηεξήζεηο. Θα εηζήγαγε επίζεο πξνβιήκαηα ζρεηηθά κε ηελ απνζήθεπζε ηνπ ζπλόινπ 

δεδνκέλσλ θαη ηελ ππνινγηζηηθή ηζρύ πνπ απαηηείηαη γηα ηελ θαηαζθεπή ηνπ ζπλόινπ 

δεδνκέλσλ θαη ζα ζπλεπαγόηαλ κηα εληειώο λέα θαηαλεκεκέλε αξρηηεθηνληθή. 

 

Δνιζσύονηαρ ηο ζύνολο δεδομένυν με δικά μαρ δείγμαηα 

Γεηγκαηνιεςία γύξσ από ηελ αμία ησλ ραξαθηεξηζηηθώλ θαη δεκηνπξγώληαο κηα δέζκε 

παξόκνησλ δεηγκάησλ θαζώο θαη ρξεζηκνπνηώληαο ηηο γλώζεηο ηνπ ηνκέα καο γηα λα 

δεκηνπξγήζνπκε πεξηζζόηεξεο παξαηεξήζεηο. Απηό ζίγνπξα ζα εηζήγαγε bias ζηα κνληέια 

καο, αιιά ζα κπνξνύζε λα βειηηώζεη ηηο επηδόζεηο καο. 

 

 

Βεληίυζη ηος ηπέσονηορ ζςνόλος δεδομένυν με profiling ηυν σπηζηών 

Απηό ζα ήηαλ δύζθνιν λα εθαξκνζηεί, αιιά ζα κπνξνύζακε λα αλαπηύμνπκε ην θαιύηεξν 

κνληέιν καο, λα δεκηνπξγήζνπκε ινγηζκηθό γύξσ ηνπ γηα λα ην ρξεζηκνπνηήζνπκε 

απεπζείαο από ηνπο παίθηεο ηνπ παηρληδηνύ θαη ζηε ζπλέρεηα λα ιάβνπκε άκεζα ζρόιηα από 

ηνπο παίθηεο γηα ηελ εγθπξόηεηα ησλ πξνβιέςεώλ καο. Με απηόλ ηνλ ηξόπν ζα κπνξνύζακε 

λα πξνζδηνξίζνπκε πνηνη ζπλδπαζκνί ραξαθηεξηζηηθώλ δεκηνπξγνύλ πξνβιήκαηα θαη 

εηζάγνπλ αξρηθά βάξε ραξαθηεξηζηηθώλ γηα ην πξόβιεκά καο, θαζώο θαη λα πάξνπκε 

πεξηζζόηεξα δεδνκέλα απεπζείαο από ηνπο παίθηεο. 
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Κεθάλαιο 4: Μελλονηική δοςλειά 

 

Σν έξγν κπνξεί λα απνδείρζεθε πην δύζθνιν από ό, ηη αξρηθά αλακελόηαλ θαη ε απόδνζε 

ησλ κνληέισλ καο ζίγνπξα δελ είλαη ε θαιύηεξε γηα ηα Rare αληηθείκελα, αιιά ππάξρνπλ 

αθόκα πνιιέο ηδέεο πνπ κπνξνύκε λα δνθηκάζνπκε ζην κέιινλ πνπ κπνξεί λα απμήζνπλ ηελ 

αμηνπηζηία ηνπ ζπλόινπ δεδνκέλσλ ή ηελ απόδνζε ησλ κνληέισλ καο. 

 

 Καηαπολέμηζη πλαζηών δεδομένυν 

- Καηά ηε δεκηνπξγία ηνπ ζπλόινπ δεδνκέλσλ καο απνθαζίζακε λα δεκηνπξγήζνπκε 

κηα ζεηξά από ραξαθηεξηζηηθά  πνπ ζα ρξεζηκνπνηεζνύλ αξγόηεξα, έλα από ηα νπνία 

είλαη νη εκέξεο πνπ ρξεηάζηεθε γηα λα πσιεζεί έλα ζηνηρείν. Αξγόηεξα, απνθαζίζακε 

όηη ζα έπξεπε λα έρνπκε εληνπίζεη ηηο ώξεο πνπ ρξεηάζηεθε γηα λα πσιεζεί έλα 

αληηθείκελν ή αθόκα θαη ιεπηά, αθνύ, ζύκθσλα κε ηηο γλώζεηο ηνπ ηνκέα, έλα 

αληηθείκελν πνπ παίξλεη ιηγόηεξν από 30 ιεπηά γηα λα πνπιεζεί, έρεη κεγάιε 

πηζαλόηεηα λα απνηειεί ςεύηηθν δεδνκέλν. 

 

- ΢ην ζύλνιν δεδνκέλσλ ππάξρνπλ νξηζκέλα ραξαθηεξηζηηθά πνπ δελ 

ρξεζηκνπνηνύληαη. 

Έλα από απηά είλαη ην όλνκα ρξήζηε ηνπ παίθηε πνπ πξαγκαηνπνίεζε ηε ζπλαιιαγή. 

Θα κπνξνύζακε λα θαηεγνξηνπνηήζνπκε παίθηεο ζε θαηεγνξίεο πνπ εθθξάδνπλ ην 

επίπεδν εκπηζηνζύλεο πνπ ππνινγίδνπκε όρη κόλν από ην ίδην ην ζύλνιν δεδνκέλσλ 

αιιά θαη από άιιεο εμσηεξηθέο πεγέο. 

 

Γικαιολογημένερ αξίερ 

- ΢ε νξηζκέλεο πεξηπηώζεηο νη εμσζηξεθείο ηηκέο είλαη απνιύησο απνδεθηέο. 

Μία ηέηνηα πεξίπησζε είλαη όηαλ έλα ζηνηρείν ζηα Μνλαδηθά ζηνηρεία έρεη κηα αθκή 

ζηελ αμία, όηαλ έλαο streamer ην ρξεζηκνπνηεί θαζώο παίδεη δσληαλά ην παηρληδη. 

Θα κπνξνύζακε λα ρξεζηκνπνηήζνπκε causal inference γηα λα ππνινγίζνπκε ηελ 

απόθιηζε από ην θαλνληθή πινθή θαη λα πξνβιέςνπκε ηελ ηηκή ζσζηά 

 

- Μηα άιιε πεξίπησζε είλαη όηαλ θάπνηνο ζπάληνο ζπλδπαζκόο παίξλεη 

απνηειέζκαηα όηαλ ην παηρλίδη εθαξκόδεη έλα ραξαθηεξηζηηθό ζην αληηθείκελν. 

 

Δπεξεπγαζία θςζικήρ γλώζζαρ ζε θόποςμ παισνιδιών και reddit 

Γηα ηελ αλάιπζε ησλ Unique αληηθεηκέλσλ κπνξνύκε λα ρξεζηκνπνηήζνπκε ηε 

θπζηθή επεμεξγαζία γιώζζαο ζε θόξνπκ παηρληδηώλ ή ην reddit, λα θαζνξίζνπκε ηε ζεηηθή 

γιώζζα ηνπ παίθηε ζε νξηζκέλα αληηθείκελα θαη λα εηζαγάγνπκε λέα ζηνηρεία ζην ζύλνιν 

δεδνκέλσλ καο, πνπ ζα καο επηηξέςνπλ λα πξνβιέςνπκε θαιύηεξα ηηο ηάζεηο ησλ 

αληηθεηκέλσλ. 

Σν Reddit θαη ηα θόξνπκ είλαη επίζεο κηα πνιύ πινύζηα πεγή γλώζεηο δηαθόξσλ παηθηώλ 

πνπ πξνζπαζνύλ λα απαηήζνπλ αξράξηνπο παίθηεο πξνηξέπνληάο ηνπο λα πνπιήζνπλ ηα 

αληηθείκελα ηνπο πνιύ θζελά. Απηό ζα κπνξνύζε λα βνεζήζεη ζηελ ηαμηλόκεζε νξηζκέλσλ 

παηθηώλ σο Untrusty θαη ζπλεπώο ηα ζηνηρεία πνπ πσινύλ πξνο πώιεζε ζεσξνύληαη ρακειά 
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ζηελ ηηκή, ή άιινπο παίθηεο σο Novice θαη επνκέλσο ηα αληηθείκελα ηνπο δελ πξέπεη λα 

ζεσξνύληαη πςειά ζηελ εκπηζηνζύλε όζνλ αθνξά ηελ ηηκή ηνπο. 

 

Δπηπιένλ,ην λα είκαη ζε ζέζε λα θαζνξίζνπκε πόηε ππάξρεη «streamer effect», κηα θξάζε ε 

νπνία ζηνλ θόζκν ησλ παηρληδηώλ ζεκαίλεη όηη εάλ έλα δηάζεκν άηνκν ρξεζηκνπνηεί 

νξηζκέλα ζηνηρεία ηα νπνία απηά ηα ζηνηρεία ζα απμήζνπλ ηελ ηηκή, ζα βνεζήζεη επίζεο λα 

πξνβιέςνπκε ηηο ηάζεηο απηώλ ησλ ζηνηρείσλ. 

 

Μέηα ζηοισεία 

΢ηνλ θόζκν ηνπ Path of Exile, ην "meta" αλαθέξεηαη ζηα θαιύηεξα ζηνηρεία ζε κηα 

δεδνκέλε ζηηγκή ζην παηρλίδη. Απηά ηα ζηνηρεία "meta" είλαη ζπλήζσο πην αθξηβά. Η 

εμόξπμε δεδνκέλσλ ησλ πην ρξεζηκνπνηνύκελσλ αληηθεηκέλσλ από εμσηεξηθνύο ηζηόηνπνπο 

ζα καο βνεζήζεη λα πξνζδηνξίζνπκε πνηα είλαη απηά ηα ζηνηρεία θαη λα δεκηνπξγήζνπκε έλα 

λέν ραξαθηεξηζηηθό πνπ ζα αληηπξνζσπεύεη ηε δεκνηηθόηεηα ελόο ζηνηρείνπ. 

Απηά ηα ζηνηρεία, αλ είλαη ζπάληα, πεξηέρνπλ επίζεο νξηζκέλα ραξαθηεξηζηηθά πνπ ζα καο 

βνεζνύζαλ λα αξρηθνπνηήζνπκε ην βάξνο απηώλ ησλ ραξαθηεξηζηηθώλ γηα ηα κνληέια 

κεραληθήο κάζεζεο. 

 

Γημιοςπγία μονηέλυν για μεμονυμένερ καηηγοπίερ ηιμών 

Μηα άιιε ηδέα πνπ πξέπεη λα εθαξκνζηεί είλαη λα δεκηνπξγεζνύλ δπαδηθά κνληέια 

ηαμηλόκεζεο, έλα γηα θάζε εύξνο ηηκώλ. Γηα λα γίλεη απηό, γηα έλα κνληέιν θάζε ηηκήο ηηκώλ 

ζα ηαμηλνκήζακε ηελ ηηκή θάζε παξαηήξεζεο σο 0 ή 1 αλ δελ ήηαλ ή ήηαλ ζε απηό ην εύξνο 

ηηκώλ θαη λα εθπαηδεύζεη θάζε κνληέιν κε όιεο ηηο παξαηεξήζεηο. ΢ηε ζπλέρεηα, ζα 

ρξεζηκνπνηήζακε ensemble γηα λα πξνβιέςνπκε ην εύξνο ηηκώλ ελόο ζηνηρείνπ. 

 


