
Grant agreement ID: 101079214

Time Series Prediction

Anna Lackinger (TUW)
Advisor: Prof. Schahram Dustdar



INTRODUCTION
Time series data and its core components

PART I: 

How to prepare data for predictive modeling – a check list

PART II: 

Baselines

Statistical/Machine Learning/Deep Learning methods 

Evaluation



Definition

"A time series is a time-oriented or chronological sequence of 
observations on a variable of interest." [1]
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Definition

"A time series is a time-
oriented or chronological 
sequence of observations on 
a variable of interest." [1]
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Data: Google cluster trace 2011 [11]



Examples

• Weather data

• Financial time series data (Stock prices)

• Healthcare time series data (ECG)

• Cloud workloads 

• Traffic data
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Mean CPU usage of 3 Jobs
From the Google cluster trace 2011 [11]



Static Dynamic 
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Why is time series data important?



Reactive Proactive
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Why is time series data important?



Types of Time Series

• Univariate Time Series

• Multivariate Time Series
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Components of TSD

• “Classical” approach to decomposition of a time series into 
trend, seasonal component and noise

• Trend: Long-term direction or tendency of the data.

• Seasonality: Patterns that repeat at fixed intervals within a time series. 

• Noise: Random variations in the data. 
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Montgomery, Douglas C., Cheryl L. Jennings, and Murat Kulahci. Introduction to time series analysis and forecasting. John 
Wiley & Sons, 2015. [1]



Example taken from: 
https://medium.com/@roshmita
dey/time-series-decomposition-
62cbf31ab65e
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Components of TSD

For Python - statsmodels:
stl_decomposition



Part I

Time series data preparation



Preparation Check List

1. Missing values check

2. Stationarity check

3. Feature check

4. Scaling check

5. Filter check

6. Prediction window check
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Data preparation – missing values check

• How to deal with missing values:
o Ignore 

oDelete

o Imputation
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Date Value

2024-01-01 1.2

2024-01-02 NaN

2024-01-03 2.4

2024-01-04 2.1

2024-01-05 NaN

2024-01-06 3.0

2024-01-07 2.9
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• How to deal with missing values:
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Date Value

2024-01-01 1.2

2024-01-02 NaN

2024-01-03 2.4

2024-01-04 2.1

2024-01-05 NaN

2024-01-06 3.0

2024-01-07 2.9

Date Value

2024-01-01 1.2

2024-01-03 2.4

2024-01-04 2.1

2024-01-06 3.0

2024-01-07 2.9



Data preparation – missing values check

• How to deal with missing values:
o Ignore 

oDelete

o Imputation

10/07/2025 15

Date Value

2024-01-01 1.2

2024-01-02 NaN

2024-01-03 2.4

2024-01-04 2.1

2024-01-05 NaN

2024-01-06 3.0

2024-01-07 2.9

Date Value

2024-01-01 1.2

2024-01-02 1.8

2024-01-03 2.4

2024-01-04 2.1

2024-01-05 2.55

2024-01-06 3.0

2024-01-07 2.9



Stationarity

• "… stationary time series exhibits similar “statistical behavior” in 
time and this is often characterized as a constant probability 
distribution in time" [1]

• In other words, the statistical properties of a time series, such as its 
mean, variance, and autocorrelation, remain consistent over time.
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Stationarity check

• Augmented Dickey-Fuller test [3]
oTest for a unit root

• Unit Root when alpha = 1
oYt = observation at time t

oEpsilon = noise
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For Python - statsmodels:
adfuller



Stationarity check

• Augmented Dickey-Fuller test [3]

• Test for a unit root 

• How to make it stationary? [12]
oDifferencing

oSecond-order differencing
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More on this topic: https://otexts.com/fpp2/stationarity.html



Types of Time Series (recap)

• Univariate Time Series

• Multivariate Time Series
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• Measures linear 
correlation between 
two sets of data
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Data preparation – feature check
Pearson Correlation Coefficient (PCC)

For Python -  scipy:
pearsonr



• Measures linear correlation 
between two sets of data
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Data preparation – feature check
Pearson Correlation Coefficient (PCC)



• ATTENTION: This test assumes that the X and Y are stationary time 
series.

• In simple words explained: If X “Granger-causes” Y, then past 
observations of X should contain information that helps predict Y 
beyond the information contained in the history of Y alone.
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Data preparation – feature check
Granger Causality test 

For Python - statmodels:
grangercausalitytests



• In mathematical term explained [13]:
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Data preparation – feature check
Granger Causality test 



Data preparation – scaling check
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• Normalize: X_new = (X - X_min)/(X_max - X_min)

• Standardize: X_new = (X - mean)/Std

Image source: 
https://medium.com/@chaitanyasawant/un
derstanding-feature-scaling-in-machine-
learning-standardization-vs-normalization-
800ad25b0c24
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Data preparation – scaling check
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Data preparation – filter check
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Savgol in TSP: [2]
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Data preparation – filter check
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Savgol in TSP: [2]



• Expanding Window

• Sliding (Rolling) Window 

• Non-overlapping Windows 
(Tumbling Windows)
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Data preparation – prediction window check



• Expanding Window

• Sliding (Rolling) Window 

• Non-overlapping Windows 
(Tumbling Windows)
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Data preparation – prediction window check



• Expanding Window

• Sliding (Rolling) Window 

• Non-overlapping Windows 
(Tumbling Windows)
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Data preparation – prediction window check



Part II

Time series prediction



From data preparation to prediction
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Naive forecast
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Moving Average
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Moving Average – input window length
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Prediction methods
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STATISTICAL MACHINE LEARNING DEEP LEARNING



ARIMA

• Autoregressive (AR): relationship of the current observation on past 
observations.

• Integrated (I): differencing the time series to make it stationary. 

• Moving average (MA)

• SARIMA, VARMA
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For Python - 
pmdarima.arima.auto_arima
statsmodels :
ARIMA, VARMAX, SARMAX



Prediction methods
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STATISTICAL MACHINE LEARNING DEEP LEARNING



Random Forest , XGBoost
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Support Vector Machines
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Image taken from: 
https://medium.com/it-
paragon/support-vector-
machine-regression-
cf65348b6345



Prediction methods
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STATISTICAL MACHINE LEARNING DEEP LEARNING



ANN
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RNN
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LSTM
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Great tutorial for more details: https://colah.github.io/posts/2015-08-Understanding-LSTMs/



Transformer
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Examples:

Temporal Fusion Transformer (TFT) 
[5]:
https://github.com/google-
research/google-
research/tree/master/tft
PatchTST [6]:
https://github.com/yuqinie98/Patch
TST



Hybrid methods
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• CNN-LSTM [7]

• Statistical for linear components and ML for non-linear components

• ARIMA and Support Vector Machine (SVM) [8]

• ARIMA and ANN [9]

• Exponential smoothing and RNN [10]



Evaluation: Metrics for comparison

• Mean Absolute Error (MAE)

• Root Mean Squared Error (RMSE)

• Mean Absolute Percentage Error (MAPE):
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Additional metrics for comparison

• Training time and cost

• Prediction time and cost

• Worst possible error – worst absolute error
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Summary
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• Today we have learnt:
oWhat is time series data

oWhy is it important

oHow can I prepare my data

oWhat are relevant baselines for prediction

oWhat are common prediction methods

oHow do I evaluate my prediction



Previous work
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• Transfer Learning

• Clustering

[14] Lackinger, A., Morichetta, A., & Dustdar, S. (2024, July). Time Series 
Predictions for Cloud Workloads: A Comprehensive Evaluation. In 2024 
IEEE International Conference on Service-Oriented System Engineering 
(SOSE) (pp. 36-45). IEEE.

https://github.com/Lacki28/time-series-optimization



Thank you for listening 
attentively!

Website: https://dsg.tuwien.ac.at/
Mail: a.lackinger@dsg.ac.at
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