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                       Abstract

Modern IT development infrastructure has a large number of 
components that must be monitored, for instance servers and 
network components. Various system-metrics (build time, CPU 
utilization, queries time etc.) are gathered to monitor system 
performance. In practice, it is extremely difficult for a system 
administrator to observe a correlation between several system-
metrics and predict a target system-metric based on highly correlated 
system-metrics without machine learning support. 

The experiments were performed on development logs at Ericsson. 
There were many system-metrics available in the system. Our goal is 
use machine learning techniques to find correlation between build-
time and other system-metrics and predict its trends in the future.
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Keywords Definition:  

System-metric 

The development infrastructure comprises various system related performance 
parameters.  System-metric is a measurement of a particular parameter in the system 
i.e. software build time, job queue size, etc. 

Feature

Each system-metric contains various properties e.g. the build-time has timestamp, 
error, server name, username etc. All these properties are called features.

Variable, dimensions are used interchangeably with the feature in literature but only 
the feature is used hereafter. 

Target feature

It is one out of multiple features and acquired special consideration e.g. the build-time 
is considered to be the most important features, and then all algorithms tried to 
discover correlation of the build time with the remaining features. 

Time-series

A timestamp is associated with any feature during the measurement. The feature 
value versus time is called time-series.

Multiple time-series

Various time-series are generated from various system-metrics. It is called multiple 
time-series. 
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Chapter 1. Introduction

1.1 Background
Ericsson is one of the largest telecom manufacturer in the world and has very 
diversified product portfolio comprising communication services including fixed and 
mobile broadband, operation, media services and much more [4]. Ericsson has an 
extensive IT development infrastructure to support various software development 
activities. The IT development infrastructure is shared by many developers. Complexity 
in the entire system occurs due to centralized shared resources between various 
developing ends.

Event log files are generated continuously by each resource. Successive event logs 
must be examined in order to investigate performance of the system but a large bulk 
of event logs makes it hard to discover trends by the time. To investigate the reliability 
and availability of service, visualization techniques are used to display the system 
performance in compact form. Graphs and bar charts are often used as a tool to 
visualize the system-metrics. Any gradual rise in the graph above certain threshold 
value represents an anomaly in the system.

1.2 Objective
Various system-metrics are used for the monitoring of system performance i.e. build-
time, locking-time, queuing-time etc. The build-time is one of the most vital system-
metric. If prediction of the build-time is not possible, the developers have to wait for 
build completion to continue their work. As a result, countless working hours for 
developers are wasted. Our challenge is to find a correlation between the build-time 
and other system-metrics, and explain how the build-time graph is dependent on other 
system-metrics. The correlation results could be used in prediction of the build-time. 
The prediction model is learnt from various correlated system-metrics with the target 
system-metric. This study will use various correlated features to try to predict the 
system build-time. Our solution for correlation could be used for any kind of 
development infrastructure. 

1.3 Thesis Structure
The thesis report is organized with the following chapters:
Chapter 2: 

 Problem statement
 Formal statement

o Explanation of problem using mathematical notations and technical 
terms in a real environment 

Chapter 3: 
 Related work and contribution
 Event logs representation 



Linköpings universitet
Institutionen för datavetenskap

12

o Rule base domain and its performance issues
o Time-series domain 

 Correlation approaches 
 Prediction techniques 

Chapter 4: 
 Details about models that are used in the thesis, mathematical equations, and 

its accuracy.
Chapter 5: 

 Details of data:
o Raw Dataset
o Necessity for sampling in multiple time-series
o Down and Up sampling

Chapter 6: 
 Development infrastructure details that is used in the thesis

Chapter 7: 
 Result analysis after applying selected algorithms on multiple time-series 
 Final results from these algorithms 

Chapter 8: 
 Conclusion 

 Methodology
 Inspiration and future work.
 Recommendation for the department

Chapter 9:  
 References 
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Chapter 2. Problem Statement
Currently a large part of monitoring and maintenance of system-metrics is done 
manually. Graphs are used to monitor the performance of system-metrics. Each graph 
reflects a snapshot of particular system-metric by past statistics. Normally, an expert 
opinion is needed to determine correlation in the graphs. The expert opinion is based 
on two factors: visual trends in the graphs and dependency knowledge among various 
system-metrics in the system. Due to heavy fluctuations in the graphs, it is hard even 
for experts to form an accurate opinion. The expert ‘s opinion is not considered 
accurate.  

2.1 Formal Statement
Let, 

M= Total number of system-metrics in the system
N= Total number of features in one system-metric
t= Time associated with each system-metric observation

The IT administration is constantly monitoring M system-metrics to make sure that the 
system is operating normally. Each system-metric is represented entirely by a table 
with N features i.e. column …... in the table, where is Nth feature 

observation of a particular system-metric at time t. In general, only a single feature k out of 
N features at time t i.e. is sufficient to explain a particular system-metric known as 
‘Time-series’. Multiple time series are produced through several system-metrics tables. 

Currently the IT department has two major issues.
1. Any unusual activity that exceeds a certain threshold represents an abnormality 

in the graph.  Correlation among multiple graphs is an important aspect but at 
the time being there is no exact information regarding this issue. For an 
example, if one set of graphs shows abnormalities, all other graphs also needs 
to be checked if they are also abnormal at same time. Figure 1 illustrates 
problem in pictorial form. It is also not practical for the administrator to 
ascertain complete correlation statistics among multiple graphs in one graph. 
The graph will be more complicated for a longer observation time. Even 
comparison between multiple graphs in individual windows is a tiresome and 
impractical job as shown in figure 2. Providing solutions for this problem will
reduce the administrator efforts so that the administrator does not have to 
undergo the process of examining all graphs. Rather the administrator could 
examine specific graphs. A solution for this problem will ensure a fast and 
understandable trouble shooting process.
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Figure 3: Standardized multiple time-series in one graph

2. Currently, a prediction of system-metric is not possible. For example, if a graph 
is related to build-time, the system cannot predict a serie’s trend in build-time. 
As a result, it cannot be predicted that the build graph will look in particular 
fashion based on historical data. For given graph i.e. , prediction of 
particular graph at time t means that the predicted graph ( where n>0) 
could have predicted values at several discrete time steps in future. In case of 
the build-time graph, if one department has forecasting information that they 
have to wait bit more in case of job submission today; then the department 
should plan their resources on alternative work. This results in better time 
management and less staff for software develop
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Figure 4: Standardized multiple time-series in multiple graphs
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Chapter 3. Related Work

3.1 Historical Perspective 
This chapter provides a brief review on event log representation, an overview on 
correlation, and prediction techniques from a historical perspective. It also suggests 
various strategies to determine correlation and prediction, and why the technique we 
have chosen is the most suitable. 

In theoretical research, two domains are proposed in the literature for processing 
these events-logs to extract significant information: rule base domain, time-series 
domain. 

Rule-based domain: Specific rules are extracted from events logs and used for 
monitoring the system. For an example, specific event sequences occur frequently in 
event logs which occur frequently in time known as a ‘Pattern Matching’. It could be 
used to formulate a rule for the system behavior and the prediction would be possible 
on the basis of these statistical patterns [6] [1] [9]. Pattern matching is not considered 
best technique due to the following critics: No optimal pattern matching technique is 
available to believe that extracted patterns from event logs are high quality mined 
pattern [8]. Research is ongoing to understand concealed pattern implications [10]. It 
is also the reason why pattern-matching technique is not used in this thesis for 
defining correlation and prediction.

Time-series domain: This thesis will focus on time-series. Hidden information in 
textual logs is gathered by log parsing and transforming the logs into a structural form 
with derived features [14]. In the papers [11], the authors mentioned rule-based 
classification techniques for predicting critical events. The authors argue that the rule-
based classification technique has less accuracy than time series analysis [11]. This is 
also the motivation to select time-series analysis for our thesis problem. 

In multiple time-series, each time-series is examined at constant sampling rate with an 
intention to visualize a change in multiple time-series at same time. Various techniques 
are proposed to estimate various feature values at fixed time either by down sampling 
[16] or up sampling [17]. Down sampling is needed for time-series in case of frequency 
reduction. Up sampling used to increase sampling frequency of time-series by a 
monotonic cubic spline interpolation method [18]. The basic idea behind monotonic 
cubic spline interpolation is to interpolate missing data points between given points 
while simultaneously satisfying monotonicity or smoothness between them. It used 
low-order polynomials, which pass through these points and also satisfy the 
monotonicity. 
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Various correlation and prediction techniques are available in both domains. These 
techniques are summarized below in context of each domain.

3.1.1 Correlation
In the rule base domain, Simple Event Correlator (SEC) [19] is considered as a 
lightweight event collector to detect correlation in event-logs streams. Various event 
groups are extracted in predefined time-window. SEC processes incoming event-logs 
streams and detects the pattern; categorize them in certain event groups.  

In the time-series domain, multiple linear regression [2] [3] is a commonly used model 
to discover correlation among features.  It builds a linear combinational relationship 
between target feature and other features. Each feature coefficient in the linear 
equation indicates the correlation strength with the target feature. The technique is 
best suited for features which either are independents or have small inter-correlation 
among them. The technique is not perform well in case of dependent features due to 
multicollinearity, as explain below [2].

We use Principal Component Analysis (PCA) [2] in this thesis for discovering 
correlations between time-series. It is discussed in detail in chapter 4.1.1. PCA 
transforms the features to a new coordinate system (orthogonal components) rather 
than the original feature space. PCA avoids multicollinearity which is observed in 
multiple linear regressions. The multicollinearity is the situation when predictor 
features in multiple linear regressions are correlated. Due to multicollinearity in the 
predictor features, the model parameter changes quickly with small changes in 
dataset. PCA overcomes the problem of multicollinearity because it is based on 
principal components which are orthogonal. Each principal component is uncorrelated 
with the other principal components.  

LAROSE [2] uses a particular dataset related to houses and applies PCA on this dataset. 
Unknown relations are discovered as a result of PCA. How PCA finds the correction 
between features via principal component analysis is explained in chapter 4.1.1. 

3.1.2 Prediction 
Various techniques are available for prediction in the rule-based domain. For example, 
predicting rare events in event sequences [4], prediction by Bayesian network model 
[11]. The Bayesian network model is a probabilistic graphical model that represents 
knowledge about uncertainty in a system. The system is represented with graph of
various nodes, called random variables. Edges between the nodes represent 
conditional probabilities between nodes.  Given that probability of certain known 
facts, the probability of unknown interested factors could be calculated by Bayesian 
probabilty formula. 

In the time-series domain, in this thesis, we followed the prediction model intuition 
from the paper on RainMon[13]  which used  a kalman filter [20][15] on the dataset. In 
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the RainMon project, before applying kalman filter, the dataset is passed through two 
stages: Decomposition (smoothing and removing spikes) and Summarization 
(dimension reduction using PCA analysis). After these two stages, the kalman filter 
with variable model-parameters is used to the learn system behavior. The kalman filter 
assumes a linear discrete time model and discovers the models internal states by linear 
stochastic equations. The model states are updated recursively, and predict the system 
behavior with help of the learned internal states. The model parameters are not 
constant and are tuned by the EM algorithm [13] as discussed in chapter 4.2.1.

The authors of RainMon performed experiments on three network related datasets:
 Hadoop cluster related system-metrics
 CMU.net ping times as system-metric
 In the Abilene network, network flow related system-metrics

The dataset is generated from a controlled network. In a controlled network, the 
system administrator has full control on the entire system and understands the 
functional dependencies of all components in the system. While in un-controlled 
networks, due to centralized shared resources which are accessed by various groups, 
the administrator is uncertain about dependencies information among components in 
the complex shared system. 

In the controlled network setting, the author found smooth prediction some time ticks 
in advance that follow real graph trends. 

3.2. Development Environment
In this thesis we use the Weka API for machine learning. The Weka API is open source 
API in Java and implements many machine learning algorithms. In this thesis pre study 
for finding correlation and prediction in our environment, almost all algorithms are 
supported by Weka. That is also one of the reasons why we used Java as our 
programming language. An implementation of kalman filter with variable parameter is 
not available in Weka. We implemented kalman a filter for Weka in Java as part of this 
thesis.
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Chapter 4. Methodologies

4.1 Correlation Algorithm 
In the real world machine generated data doubles every year. There is no technique
for comprehending a system entirely even from large amount of data. Machine 
learning provides tools to automatically analyze various features in datasets. The 
number of correlated features is the output of most of correlation algorithms. The 
selection of correlated features identifies the most promising features i.e. best 
candidates for learning the system behavior. 

Various correlation algorithms are presented in the literature, with their strengths, 
applicability and limitations. 

4.1.1 PCA 

Principal Component analysis (PCA) [2] is a powerful tool for two basic objectives: 

 Dimensionality reduction: reducing the number of features in the original 
dataset 

 Equivalent representation: Transform the feature space into principal 
components that maintain the dataset variability information as much as the 
original data set contains.

Both objectives provide several principal components and each principal component is 
a linear combination of the features in the original dataset. The information in the 
principal components is used to discover correlations among features and the target 
feature. 

4.1.1.1 PCA Model
The idea of PCA is to reduce the dimensionality (features) in the original dataset, 
explore new dimension as a linear combination of the features in the original dataset, 
while retaining the dataset variability as much as is present in the original dataset.  The 
new explored dimensions in the model are called the ‘Principal components’ (PC). The 
first principal component points in the direction of the maximum projection variability 
for the targeted feature. The second principal component being orthogonal 
(uncorrelated) to first one retains portion of the dataset variability from left over by 
first principal component and same procedure applied for all remaining components. 
Normally, first few principal components retain variation as much as is present in the 
original dataset.  

Mathematical Explanation
Suppose in M dimensional space,

 ( , , … , )  are  features in the original dataset 
 m is total number of features in  the original dataset
 n is number of records
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 X is matrix of (n × m) dimensions 
 is the i  feature column vector 
 k is the total number of principal components 
 is the mean of 
 is the  covariance between and 

 (   where i=j) is the standard deviation 

 is standard deviation of where = ( − )/
PCA extracts k principal components such that k<m and each component are linear 
combination of m features. Together all k components retain exactly the same 
variability as the original m features contain. 

The entire PCA procedure is divided into four steps:
Step 1: Standardization of Dataset
Each feature in a dataset is possibly measured in different units. Each feature mean and 
standard deviation is computed, and is used to standardize all features in the dataset. The 
standard deviation of any feature is = ( − )/ . 

Step 2: Covariance Matrix Computation
Covariance is a measure of similarity between two features, how they vary together. 
Covariance measure only makes sense if all features are measured in the same units. If 
features are standardized, then the covariance between standardized features is same as the 
correlation. 
Covariance between and :

   Where i ≠ j         (Eq. 4-1)

Covariance Matrix is: 

S=Cov (Z) =                       (Eq. 4-2)

Step 3: Calculate Eigen values and Eigenvectors of the covariance matrix
In mathematical notation, the first principal component defined with m features: = + 

+.........+ . The coefficient is unknown. Since the first principal component, 
maximize the variance. By maximization theory, this result in =0. , are solutions
for the equation. Where , , ...., are eigenvalues of S. Vector e of (m × 1 ) dimension is
the eigenvector of S. 
Then first principal component becomes:

= = + +.........+             (Eq. 4-2)

Generally the k:th principal component becomes:

= = + +.........+           (Eq. 4-3)
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Covariance between two principal components is always zero because both principal 
components are uncorrelated or orthogonal.  

Cov ( , ) =0                                                    (Eq. 4-4)

4.1.1.2 Discovering Correlation 
The correlation with PCA is clarified by an analysis of principal components and its 
underlying features space. PCA compute a number of principal components less than 
or equal to number of predictor features. Each principal component (k) retains a 
portion of the dataset variability, which is a linear combination of the kth Eigen vector 
and predictor features as shown in the equation (Eq. 4-3). 

Each entity in the eigenvector is weight from one of features known as component 
weight. In equation (Eq. 4-3), is the component weight of kth principal component. 

The component weights ( ) in kth principal component means a features partial 

correlation with principal component or indirectly with target feature. 

The partial correlation Cov ( , ) measured direct correlation between (k) principal 

component and standardize feature i. 

Cov( , ) = and ≥ ≥…. ≥                    (Eq. 4-5)

Indirectly, Cov ( , ) represents correlation of the feature i's with the target-feature.  

The coefficient remains constant for all features in one principal component. The 

features are filtered on the basis of component weights. The features with values less 
than 0.5 values do not show a strong correlation and are ignored. The remaining 
feature set is highly correlated with the target feature. 

4.1.1.3 Evaluation Criteria
To validate the correlation strategy, we have selected two possible strategies to 
validate the results:

 To validate the result after PCA analysis, unrelated features are added in the 
original dataset. The features could be generated artificially from various types 
of function i.e. sine function or tangent function, constant value, step function 
or random function. PCA is again applied to new training data. If a subset of the 
features does not include any of the artificial features, then PCA performs well 
in determining correlation. Otherwise, the correlation is not possible at least 
with PCA analysis because the artificial functions must not have any relation 
with the build-time at all. 

 PCA analysis is first performed on a new dataset from different dates to 
compare the result with previous analysis. It is assumed that configuration of 
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the system is constant for entire observation period. The result changed with 
addition or deletion of one or two features. In our case, the system has been 
changed from time to time. Ideally, when there is no big change in the system, 
the results should be same, otherwise remove the unmatched features or apply 
PCA analysis again. 

4.2 Prediction Algorithm 
Machine learning is based on a model which learns from data. In theory, the goal is to 
improve its estimation over time. There is no single machine learning technique that 
works in all cases. 

4.2.1 Kalman Filter 

The kalman filter [2] is a powerful tool to model discrete time controlled linear system 
that estimates process hidden states from observation and estimates the state 
estimation recursively. The kalman filter is used in many areas, for an instance, missile 
tracking systems [1], robotics, digital signal processing, and system prediction etc.  It is 
classified as variation of an unsupervised learning with a generic model and generally 
performs well even without exact knowledge of the system model.

4.2.1.1 Model
The kalman filter estimates the state of process at a time step k with 
transition matrix A, control input and control matrix B (optional), and random 
process noise . A relation is represented by the linear stochastic equation. 
Process hidden state:

=A + B        where P (w) ∼ N (0, Q)         (Eq. 4-6) 

Process measurement state z at time step k, is observed through the H 

observation matrix, the estimated state and the random measurement noise : 

=H +                                    where P (v) ∼ N (0, R)         (Eq. 4-7)
Normally, the control input is optional in the process state estimation. Q is said to 
be process noise covariance and R is the measurement noise covariance. 

In matrix notation, the states    and are matrixes of size (n × 1) and (m × 1) 
respectively. The process state corresponds to n process states and the 
measurement state corresponds to m measurement states. The process transition 
matrix A (n × n) and the observation matrix H (m × m) are model learning parameters 
used for the estimating process state estimation. Whereas the process noise 
covariance Q (n × n) and the measurement noise covariance R (m × m) are the process 
noise and measurement noise respectively. All parameters A, H including Q, R might 
not be constant; they might change with time.
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Initially, the model accepts as many number of the process states as an expert want. 
The measurement states are equal to number of the actual observation states. An 
assumption of several process hidden states for fewer measurement states is possible. 
Parameters A, H, Q, and R are initialized with expert knowledge about the domain. In 
the learning phase, the parameters are updated for each new observation feed to the 
model. 

In the model,   represent the process state estimation at k given that the 

previous process state knowledge at k-1, is said to be aproiri state estimate and   

represent the process state estimation at k given that the measurement at step k, is 
said to be a posteriori state estimate. Actual deviation of the states estimation from 

can be shown in error estimation:

Apriori estimated error:                                            = -                  (Eq. 4-8)

Posteriori estimated error:                                          = -                       (Eq. 4-9)

Apriori estimated error covariance:                      = E [ ] (Eq. 4-10)

Posteriori estimated error covariance:                     = E [ ]        (Eq. 4-11)

The Kalman gain K (n × m) matrix is an important factor which minimizes the posteriori 
estimate error covariance like a feedback controller and adjusts the model parameters 
indirectly. 

Then Posteriori state is:                
  =   + K ( )                      (Eq. 4-12)

The difference between the actual measurement and the measurement 
estimation ( )    is called the residual. The measurement estimation of 

residual zero means that both the actual and the estimated measurements are in 
complete agreement and the estimated measurement is trusted more than the actual 
measurement.

To minimize the posteriori estimated error covariance, the derivative of equation (Eq. 
4-11) is let set to zero, and the K, which minimizes the posteriori estimated error 
covariance, is:

K=(   )            (Eq. 4-13)

The kalman filter is divided into two stages: the prediction equation and the 
correctness equation. The prediction equations are predicting the apriori states and 
error ahead, while the correcting equations are used as a feedback, updating 
parameters to incorporate the appropriate change in the next apriori estimation. 

 Prediction equation : 
 a priori state 
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=A

 a priori estimated error covariance
                    = A + Q

 Corrections equations:
 Kalman gain 

K=(   ) 

 Posteriori state estimate
       = -  

 Posteriori estimated error covariance
      = E [ ]

4.2.1.2 Parameter Learning
In the practical kalman filter implementation, the parameters are initialized including 
A, H, Q, and R. If the parameters are constant, the model utilizes the parameters to 
learn a process behavior, update kalman gain K. After a sufficient learning from 
measurements, the kalman gain K stabilized to an optimal value and the model 
predicting the measurement state which has close agreement with the actual 
measurement. 

Often the model parameters are not constant or are unknown; they change over time 
or per measurement. Many authors present a solution which use the EM (Expectation 
Maximization) algorithm [5]. All modified parameter formulas are available in the 
‘RainMon’ [13] paper appendix which implements the kalman filter in python.

4.2.1.3 Evaluation Criteria
The original dataset is divided into training set and testing set. The kalman filter is 
applied on the training set to let the algorithm to learn the model parameters from the 
actual measurements. After the learning phase, the model predicts future value on the 
basis of the previous learning. The value getting from the prediction is compared with 
the value of the testing dataset. The model is evaluated based on distance between 
both graphs: predicted and the testing graphs. If the distance is large, then predictions 
are not possible with given model.
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Chapter 5. Dataset

5.1 Raw Dataset
In this thesis, there are many system-metrics in our experiment. Each system-metric 
has distinguishing information (features) such as:

 Time stamp
 Event ID
 Server name that generate the event
 Value of prominent feature that explain system-metric 
 Status code etc.

In time-series analysis, a table is adequate to explain specific system-metric and each 
table contain numerous features. Normally, specific feature with timestamp are the 
most important feature in particular system-metric is known as time-series.  In our 
thesis dataset, each time-series defines a value at discrete timestamp, which differ 
with other series timestamp (discussed in section 2.1 , 5.3 in detail). 

In the thesis, the administrator selected 11 features. One feature ‘touch time’ is 
considered twice by the administrator; on one occasion, the ‘touch time’ is considered 
for all the servers and on second occasion, the ‘touch time’ is considered for a specific 
server. Each feature generates one time-series. Due to the double consideration of 
‘touch time’, there are in total 12 time-series which are participating in our 
experiment. 

Details of features are described below in table 1:

Feature Detail

Build Time The time to complete one software build in the 
development-infrastructure.

Host Info

Measurement

The time to run a hostinfo command.

The hostInfo command displays configuration data for 
one or more servers on which the command is executing 
i.e. kernel version description, processor type and their 
configuration, thread load etc.
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Ypmatch The time to run an Ypmatch command. 

The ypmatch command displays the values of one or more 
keys in a Network Information Services (NIS) by map 
name. 

NSLookup It captures the time to execute a DNS query.  

The DNS query translate domain name into an IP address.

TouchTime Time to update files access and modification time in 
version control system.

OP5Alarms Frequency of OP5 alarms.

The OP5 is a tool to monitor servers log efficiently.  

NumberofJob Number of jobs assigned by LSF (Load sharing facility) 
program. 

The LSF is a job scheduler program which balance shared 
resources among various servers. 

ServerLoad The server load on different servers.

NumberOfLock Contains an access list in a VOB (Versioned object 
database). 

The VOB is repository to store the version information 
about artifacts i.e. files and folders. The VOB contain Vob 
relevant information: host name, vob name, server name, 
lock frequency for resource etc.
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LockTime The time to lock server.

Queue Measurements The queue size of jobs in the system. 

Table 1: Feature definitions

5.2 Raw Dataset Trends
In our dataset, each time-series consists of many records per second. The graphical 
tool is a speedy approach to visualize the feature trends in a pictorial form. Even one 
month or one year data could be visualized in the graph. Some graphs are similar to 
noise graph that illustrate more frequent changes. Their trends become smooth in 
weekends off-timing (when there is less activity in the system). 

Some time-series spread non-uniformly over time due to constant generation of logs. 
There is also the possibility that the time-series demonstrate uniformity in the trends 
for short times but not entirely due to nondeterministic environment noise. It has 
been observed in multiple time-series that none of time-series has common frequency. 
Various time-series could have low frequency; a sampling frequency is either low or 
zero in that observation.  In frequent time-series, multiple values are available in the 
time window. Due to the frequency mismatch observed in our dataset, down and up 
sampling is needed to represent all time-series on one time scale. 

Figure 5: Build time plot for one hour
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Figure 6: Queue Size plot for one hour

It’s clear from the figure 3 that one time-series in our dataset has a low frequency, its 
value occurred after 10 min whereas from the figure 4, other time-series has high 
frequency, several records are available in each 10 minutes interval. Similar behavior 
could be observed on other time-series plots. 

5.3 Sampling 
In our dataset, there are two basic reasons for resampling the time-series data:

 Prior to applying the machine learning-algorithm, multiple time-series must be 
transformed to new time line with constant sampling rate. Each time-series is 
only defined at a particular sampling time. 

 Comparison among the multiple time-series is not possible due to different 
sampling rate. 

Even after picking a value for the multiple time-series at constant time period, there is 
a high probability that a major portion of the table is filled with missing values because 
the value is not defined at sampling time for several time-series. 

Time Build Time HostInfo Time Touch Time Queue Size
14:00:00 81.970432
14:02:00 0.061488 79
14:04:00 0.0014
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14:06:00 0.03269 93
14:08:00
14:10:00 82.847648 0.068541
14:12:00 0.0016 100
14:14:00
14:16:00 0.0012 83
14:18:00
14:20:00 82.847648 0.039716

Table 2: Sampled dataset

Table 2 identifies the problem in four out of 12 time-series in our dataset, if two 
minutes time sampling is applied on dataset. At sampling time, only one or two time-
series may define the value around sampling time. The time-series could have the 
values before the sampling time for most of time but not normally on exact sampling 
time. For certain sampling time 14:18:00, none of time-series is defined.

Machine learning algorithms in general identifies empty entities as ‘missing value’.  A 
majority of machine learning-algorithms are not applicable with missing values. The 
missing values must be replaced with an interpolated value in our time-series. The 
solution lies in a function which estimates a value at the sampling time. There are two 
different sampling techniques depending on the frequency of the time-series.

5.3.1 Down Sampling 
For frequent time-series in our dataset i.e. figure 4, we implemented down sampling in 
Java. Down sampling is required to lower down time-series frequency. Our down 
sampling interpolated a value for time-series at end of the sampling time on the basis 
of previous values in sampling period. Normally, the time-series is not defined exactly 
on discrete sampling time but there may be values prior to sampling time. We 
estimate one interpolated value out of few past values in sampling period. 
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Figure 7: Down sampling (Mean version) with two minutes sampling rate

Figure 5 shows that the down sampling with two minutes duration on time-series i.e. 
queue size in our dataset. Mean function is used to estimate the value within the 
sampling period. We implemented various function versions in order to handle all 
frequent time-series. The detail about function depends on the semantics of time-
series.  There are various valid options for the function estimation i.e. Mean, Max, Min, 
count or picking last value. The count option is also used for counting frequency of 
records in sampling period.  The criteria to choose relevant function are that the 
sampled graph must be same appearance to the original one and depend on semantics 
of system-metric. 

5.3.2 Up Sampling
For low frequency time series i.e. figure 3, we also implemented up sampling in Java to 
increase frequency of our time-series. We interpolated a value for less frequent time-
series which define a value after several sampling periods. In up sampling, we have 
two possibilities at sampling time: either assuming the null value or the interpolated 
value. It also depends on the feature context in the system. The filling with zeros is not 
a suitable option; then several zeros would be appear unnecessarily in our sampled 
time-series. We used ‘Monotonic cubic spline interpolation’ method for up sampling. 
The Monotonic cubic spline interpolation is a best technique that interpolates a value 
at intermediate sampling time between two points [18]. It is suitable because it fits the 
data at each sampling time monotonically while retaining the smoothest in the graph 
which passes through control points.  It is considered the best option for less frequent 
time-series.
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Figure 8: Up sampling with two minutes sampling rate

From figure 6, it is clear that there is a minor difference between the original and the 
sampled time-series in our dataset. It illustrates the fitting of missing values.

In this thesis, twelve time-series are used from eleven features, discussed in table 1. 
The type of sampling technique for our time-series is determined by trends in 
particular time-series as presented in table 3

Attribute Detail Sampling Method

Build Time The value exists after 10 
minutes time period. 

Up sampling is appropriate 
to interpolate if the 
sampling rate less than 10 
minutes.

Host Info

Measurement

3-4 records per one 
minute.

Down sampling with mean 
version (sampling rate>1 
minute).

Ypmatch 1-2 records per one 
minute.

Down sampling with mean 
version (sampling rate>1 
minute).



Linköpings universitet
Institutionen för datavetenskap

32

NSLookup 1-2 records per one 
minute.

Down sampling with mean 
version (sampling rate>1 
minute).

TouchTime 20 -50 records per one 
minute. 

Down sampling with mean 
version (sampling rate>1 
minute).

OP5Alarms At least one sample in 5 
minute.

Down sampling with 
frequency version (zero 
count in case of missing 
event in sampling period).

LSFUtilization The value exists after each 
15 minute time period.

Up sampling is appropriate 
to interpolate in case if the 
sampling rate less than 15 
minutes.

ServerLoad The value exists after each 
10 minute time period.

Up sampling is appropriate 
to interpolate in case if the 
sampling rate less than 10 
minutes.

VobServerLogAnalyzer The value exists after each 
5 minute time period.

Up sampling is appropriate 
to interpolate in case if the 
sampling rate less than 10 
minutes.

VobHeatAnalyzer 80 records per one minute. Down sampling with mean 
or last value version 
(sampling rate>1 minute).
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SimpleGEQueue 
Measurements

One record per one and 
half minutes.

Down sampling with mean 
version (sampling rate>1.5 
minute).

Table 3: Frequency of features and sampling methods

5.3.3 Optimal Sampling Rate
We applied up sampling and down sampling on our dataset, so that sample graph 
looks similar to original one. The down sampling is more sensitive than the up sampling 
because, in down sampling, the shape of sampled graph is distorted after an increase 
of the sampling rate. In fact, the down sampled signal becomes flat after long duration 
and does not capture the changing behavior in the original signal. Up sampling 
performed well both for increment and decrement of sampling rate as explained 
below. 

Figure 9: Down sampling (mean version) with 4 minutes sampling rate
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Figure 10: Down sampling (mean version) with 10 minutes sampling rate

It is clear from above two figures that a higher sampling rate misleads the estimation 
of sampled series. Reducing the sampling rate beyond the certain limit introduces the 
missing values i.e. figure 10 and figure 11. The sampled points (circles in the graph) are 
not connected due to missing values between two sampled points. 

Figure 11: Down sampling (Mean version) with one minutes sampling rate

However the up sampled graph is not distorted by reducing the sampling rate because 
of interpolation by monotonic spline method as shown in the figure 10. 
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Figure 12: Up sampling with one minute sampling rate

Figure 13: Up sampling with 0.5 min sampling rate

Table 3 has enough information to investigate optimal sampling rate. Optimal 
threshold in our experiment is constrained by down sampling.  The sampling rate must 
be less, without introducing the missing values in down sampling. A higher sampling 
rate increases approximation error of the time-series. Table 3 could suggest us a 
minimum sampling rate for all the time-series. Each time-series has defined at least a 
value after one minute except the ‘Queue Size’ time series in figure 9. It can also be 
easily observed from table 3 that time-series ‘Queue Size’ has value after a 1.5 minutes 
interval. 



Linköpings universitet
Institutionen för datavetenskap

36

So, in this thesis, due to sampling time limitation imposed by the ‘Queue Size’ time-
series, the multiple time-series are sampled with 1.5 minutes sampling rate because 
‘Queue Size’ has minimum sampling time among all series. We normally chose lowest 
sampling among all series as optimal sampling rate. 

5.6.4 Training and Testing Data 
After sampling, multiple time-series have values (series real value or interpolated 
value) after with a fixed interval of 1.5 minutes. We have a dataset for two months. 
The dataset is now divided into two datasets: 

Training dataset: It is a first half of entire sampled dataset.

Testing dataset: It contains the remaining portion of the sampled dataset. 

The training dataset is being prepared to apply to the machine learning algorithms i.e. 
PCA, and the kalman filter and testing data is used to test algorithm the learning 
accuracy. 
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Chapter 6. Result Discussion

The experiments were performed for two basic objectives: correlation, and prediction. 
The appropriate algorithms are implemented for these objectives. The algorithms are 
discussed in detail in chapter 4. i.e. what is the model assumption? How it works and 
how it helps us to find the correlation and do the prediction? Under this thesis work, 
the Weka implementation of PCA is used from Weka implementation. The variable-
parameter learning version of the kalman filter is implemented entirely by us with 
version of the variable-parameter learning. Both algorithms are designed and 
implemented in Java. Before applying the algorithms, the dataset has the problem of 
non-uniform sampling rate. The features are sampled at the optimal threshold 
frequency that we have determined in the chapter 5.3. The sampling techniques are 
applied on the dataset to obtain a new dataset which defined feature value at all 
sampling times. We also implement both down sampling and the up sampling in Java. 
The new dataset after the sampling can be applied to various algorithms. The results of 
both algorithms are analyzed separately.

6.1 PCA Result
The PCA technique is applied on the 12 time-series extracted from 11 features 
(explained in section 5.1). The 12 features are used interchangeably thereafter. The 
build-time is our target feature; our primary objective is to filter only those features 
out of 11 features which are highly correlated with the build-time. How the correlated 
features are extracted from PCA is described in the section 4.1.1.2. 

PCA transforms the 11 features (except build-time) to a new coordinate system that 
consists of principal components. Each principal component (PC) is a linear 
combination of the 11 features and explains some variability of the build time.

There are two meaningful output of PCA from a correlation perspective:

 Eigenvalues table: It shows the build-time variability covered by each principal 
component or correlation of each principal component with the build time.

 Eigenvectors table: It explains the linear-combinational relationship of each 
principal component with 11 features or indirectly represents partial 
correlation of the features with particular principal component. 

When the PCA is run on set of 12 sampled features, first product of PCA is an 
Eigenvalues table i.e. Table 4. PCA makes a new dimensional space from the 11 
features participating in experiment. The new dimensional space consists of 10 
principal components as shown in table 4. The table explains the eigenvalues for all 
principal components. The first principal component has 1.82 eigenvalue. Since it has 
the highest eigenvalue it means that it explains the maximum feature variability. Since 
the number of participating features except build time are 11 in total, the first 
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principal component explains (1.82 /11) =16.62 % of the build-time variability. The 
second principal component 11.26% and so on. The first four components retain 
almost 50 % the data variability. It is standard practice to consider the first four 
principal components. In our case, we only consider the first four principal 
components for our further analysis. 

PC No Eigenvalue Variability % cumulative 
variability

PC1   1.82731 16.612 16.612 

PC2   1.23892 11.263 27.875 

PC3   1.09562 9.96 37.835 

PC4   1.05901 9.627 47.462 

PC5   1.01266 9.206 56.669 

PC6   1.00175 9.107 65.775 

PC7   0.96604 8.782 74.558 

PC8   0.88383 8.035 82.592 

PC9   0.78228 7.112 89.704 

PC10   0.61946 5.631 95.336 

             Table 4: Eigenvalue 

Variables/
PC PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10

HostInfo 0.0803 0.0015 0.3815 -0.0038 -0.5395 0.4372 0.5753 0.1106 -0.034 
-
0.0136

YpMatch -0.095 0.233 0.5932 0.1008 0.0945 -0.032 -0.3931 0.6259 -0.1355
-
0.0001

NSLookup -0.1847 0.2126 0.589 0.0656 0.0622 -0.0734 -0.0924 -0.7068 0.1882 0.1246

TouchTime -0.101 0.6516
-
0.2063 0.0849 -0.0225 0.0142 0.0808 -0.1649 -0.6701

-
0.1468

TouchTime 
on specific 
server -0.0183 0.6236

-
0.1791 0.0629 0.2198 0.097 0.2736 0.2025 0.6253 0.0536

OP5Alram 
frequency -0.0041 0.1693

-
0.2003 0.2607 -0.7598 -0.2208 -0.4125 -0.0172 0.2448 0.0127

Number Of 
Job 0.5124 -0.0173 0.1271 0.3288 0.1787 -0.1887 0.0477 -0.0648 0.113 

-
0.5635

ServerLoa
d 0.4541 0.1701 0.0723 -0.4956 -0.1354 0.1432 -0.2089 -0.0896 0.021 

-
0.3844

Number of 0.52  0.1574 -0.009 -0.3244 0.0419 0.0631 -0.1712 -0.0322 -0.0425



Linköpings universitet
Institutionen för datavetenskap

39

Lock 0.6064

Lock Time 0.0157 0.0605 0.1357 -0.3195 -0.1308 -0.8227 0.3986 0.1208 -0.0415 0.0549

Queue size 0.4477 -0.0268 0.0316 0.5876 0.0281 -0.0841 0.1428 -0.0094 -0.1683 0.3517
Table 5: Principal components

Table 5 shows that each principal component has a linear combination with all 
underlying features (except build-time). Each coefficient in principal component 
equation is the weight of the participating feature to formulate relevant principal 
component, also called component weight in chapter 4.1.1. In the same way, each 
component weight represents the partial correlation between each original feature 
and a particular principal component. The correlation of each feature with the build-
time is produced indirectly via the weights of the principal components. We 
considered only four principal components as discussed earlier. Only features which 
have a value higher than 0.5 or close to 0.5, are extracted from the particular principal 
component.

Several features in the particular principal components have weight less than 0.5. If both 
criteria are applied on table 5, i.e. considering only the first four components and the features 
with weights less than 0.5 are ignored. The resulting table is shown in Table 6. 

Variables/PC PC1 PC2 PC3 PC4
HostInfo Time
YpMatch Time 0.5932
NSLookup Time 0.589 
TouchTime 0.6516
TouchTime on specific server 0.6236
OP5Alram frequency
Number Of Job 0.5124
ServerLoad Time
Number of Lock 0.52  
Lock Time
Queue size 0.5876

Table 6: Filtered eigenvector component weight with 0.5 thresholds

From table 6, we only consider partial correlation weights greater than 0.5 in the first 
four components.  From the PCA, we conclude that only six features, which are highly 
correlated with the build, time i.e. YpmatchQuery, DNSQuery, Touch time, 
NumberOfJobs, Number of Lock, and Queue size. 

In the system, various features are available but the administrator selected 11 features 
for the experiment which could suspected to have correlation with the build-time. All 
features are extracted from components which are used in particular software build. 
We run our experiment on 11 features. The build-time is our interested feature to
correlate with all other features. We conclude that six features out of 11 features are 
highly correlated with the build-time. If the filtering criteria for the feature weight is 
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increased to 0.6, then there are only four features are highly correlated with the build-
time i.e. YpmatchQuery, NSLookup, Touch time, and Queue size. 

6.1.1 Evaluation of result
Evaluation 1: 
If some features, which have no association with the build-time, are added in the 
dataset. The PCA is run on new dataset. Ideally the result must not change because the 
new features are not participating in to one software build process. 

From the evaluation criteria 4.1.1.3, various fabricated system-metric are added in the 
original dataset i.e. sine (3.14 * t), tangent(3.14 * t ) , random number time-series etc. 
The PCA is applied to new dataset and the eigenvectors component-matrix is shown in 
table 7. 

Features/PC PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 PC12 PC13
HostInfo Time  0.0803  0.0016 -0.378 -0.0015  0.4763 -0.1594  0.4786  0.0629  0.0477 -0.5731 -0.1103 -0.0338 -0.0136
YpMatch Time -0.095  0.2337 -0.5917  0.1027 -0.0686 -0.0053 -0.0615 -0.062  0.0099  0.3908 -0.6262 -0.1356 -0.0002
NSLookup Time -0.1847  0.2131 -0.5868  0.068 -0.0287  0.0229 -0.0865 -0.0457 -0.0311  0.0929  0.7063  0.1883  0.1244
TouchTime -0.101  0.651  0.2082  0.0854  0.0213 -0.0067  0.0136 -0.0025  0.0032 -0.0818  0.1648 -0.67  -0.1467
TouchTime on specific server -0.0183  0.6234  0.1793  0.061 -0.2045  0.0247  0.0716 -0.102 -0.0354 -0.2712 -0.2028  0.6254  0.0534
OP5Alram frequency -0.0041  0.1682  0.205  0.2651  0.687 -0.0812 -0.1104  0.3578  0.0624  0.4121  0.0181  0.2446  0.0127
Number Of Job  0.5125 -0.0171 -0.1273  0.3281 -0.1567  0.0653 -0.1875  0.0013 -0.0649 -0.0452  0.0647  0.1129 -0.5635
ServerLoad Time  0.4541  0.1703 -0.0721 -0.4937  0.1302 -0.0458  0.1321 -0.0227  0.0722  0.2053  0.0896  0.0209 -0.3844
Number of Lock  0.52   0.1573  0.009 -0.3236 -0.0292 -0.0105  0.0371 -0.062  0.0371  0.1679  0.032 -0.0422  0.6064
Lock Time  0.0157  0.0605 -0.1347 -0.3162  0.1678  0.1708 -0.7246  0.3025 -0.1663 -0.3922 -0.1206 -0.0414  0.0549
Queue size  0.4477 -0.027 -0.0303  0.5861 -0.0347  0.0033 -0.0684  0.038 -0.0596 -0.1392  0.0096 -0.1682  0.3515
Sine_funciton  0.0018 -0.0137  0.0387  0.0061  0.2849  0.5873  0.1479 -0.3629 -0.6417  0.0813 -0.013 -0.0094 -0.0005
Tangent_funciton  0.0047  0.003 -0.0283  0.041  0.0315  0.7365  0.0637  0.0505  0.6671 -0.0461 -0.0048 -0.0022  0.0102
Random_number_funciton  0.0006  0.0259 -0.0481 -0.0471 -0.3155  0.2091  0.3641  0.7875 -0.3044  0.0763  0.0117 -0.0124  0.0075

Table 7: Eigenvectors component matrix

Features/PC PC1 PC2 PC3 PC4 PC5PC6PC7PC8 PC9 PC10 PC10
HostInfo Time
YpMatch Time -0.5917
NSLookup Time -0.5868
TouchTime  0.651 
TouchTime on specific server  0.6234
OP5Alram frequency
Number Of Job  0.5125
ServerLoad Time
Number of Lock  0.52  
Lock Time
Queue size  0.5861
Sine_funciton 
Tangent_funciton 
Random_number_funciton
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Table 8: Filtered eigenvector component weight with artificial system metrics

After applying both criteria on the table 7, the result describes the small difference 
compared to the previous results as shown in table 8. The artificial features are not 
found in the result. It means the artificial features have small or no correlation with 
the build time.  

Evaluation 2:
To further confirm our result, the PCA is again applied to a new dataset in order to 
compare the results. Dataset for the evaluation are selected in from different timing 
periods (more recent times) than the previous dataset, while assuming the behavior of 
system is same. If new result shows drastic changes than compared to the previous, 
even if the system changes just slightly, then our algorithm is not applicable. When we 
applied PCA on new dataset with different dates, the results are almost same except 
removal of the feature ‘Number of Job’ and the addition of one feature ‘Server Load’ 
as shown in the table 9.

This slight change of the result is reasonable because changes in the system are 
happening from time to time to optimize the system performance. If we compare our 
result with previous expereiment’s result in different date, the result just differs by 
one feature  ‘Number of Job’.  ‘Number of Job’ is the feature, which has correlation 
with the build time in previous evaluation experiment but in the new evaluation result, 
new feature ‘Server Load’ replaced ‘Number of Job’ feature. It explains that the 
administrator might be adjust the feature ‘Number of Job’ but ‘Server Load’ still need 
the administrator attention.

Variables/PC PC1 PC2 PC3 PC4 
HostInfo Time         
YpMatch Time       0.58 
NSLookup Time       0.57 
TouchTime -0.50       
TouchTime on specific server   0.50     
OP5Alram frequency         
Number Of Job         
ServerLoad Time     0.65   
Number of Lock   0.51     
Lock Time         
Queue size 0.49       

           Table 9: Filtered eigenvector component weight with 0.5 thresholds

We follow the same procedure for features extraction from eigenvector table. The 
outcome is the 6 features as shown in table 9.  The results vary slightly with 
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comparison to previous results. We have two choices now: either we believe in the 
recent results while assuming a tuning on the system-metrics by the administrators or 
believe on the previous results while the configuration of the system remains constant.
In our case, the system undergoes changes from time to time for performance 
purposes. So we decided to accept the results of recent dates. The final subset of 
features which are correlated with the build-time is: YpmatchQuery, NSLookup, 
TouchTime, ServerLoad, NumberOfLock, and Queue size. 

6.2 Kalman Filter Result
After running the correlation algorithm on the dataset, the uncorrelated features are 
removed. The final dataset have only the features that highly correlated with the build 
time. Only six features out of 11 features (except build-time) are used to express the 
build-time by the mathematical equations i.e. YpmatchQuery, NSLookup, TouchTime, 
ServerLoad, NumberOfLock, and Queue size.  

Prior to applying the prediction algorithm, the dataset is divided into two datasets: 

 Training dataset: It is the dataset which is 
used to learn the hidden states of the system under consideration. 

 Testing dataset: After learning, the new 
dataset with different dates is used to compare the prediction result.

The kalman filter is trained on the training dataset.  The process state is learnt by the 
kalman filter equations which predict the system state after learning phase as 
mentioned in the chapter 4.2.1. The motivation for the use of the kalman filter is 
inspired by the RainMon [13] project, which used the kalman filter for bursty time-
series monitoring and prediction.

The kalman filter, discussed in chapter 4.2.1, is a simple model with constant model 
parameters i.e. A, H, Q, and R. An implementation of a simple kalman filter is available 
in Java with constant model parameters. In our thesis, the system is uncontrolled. The 
proper initialization of the model parameters i.e. A, H, Q, and R are not possible in the 
equations Eq. 4-6 and Eq. 4-7 respectively. The model parameters are not constant due 
to uncontrolled environment. We need kalman filter, which could also learn variable 
model parameters from the measurements. Under this thesis, we implemented the 
kalman filter in Java with variable parameter learning. The parameters are estimated 
by EM estimation method [15] 

In our implementation, the kalman filter is designed as described below:
Before learning, the model parameters are initialized. We initialized them with the 
identity matrix. We could not estimate model parameters from measurements 
because the system under monitoring is uncontrolled. We let the model to learn the 
parameters during learning phase. 
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After setting the model parameters, our Kaman filter works in three phases:

Prediction: Given the model parameters, the kalman filter learns from the 
measurements and predicts future states using formula in [15].

Smoothing: Given that the predictions computed over last T time steps, we smooth 
the prediction backward in time i.e. from time T to 0, using formula in [15].

Parameter learning: Given that the prediction and smoothing phase is being executed. 
We learn the model parameters after time T steps using formula in [15].

After running the kalman filter on the training dataset, it was noticed that the matrix 
inside an inverse term is often singular. So, the matrix inverse is not possible to 
calculate at that time. The situation of singular matrix is more often in parameter 
learning phase than the smoothing phase. It indicates to us that functionality of the 
kalman filter is suitable in case of constant model parameters or in case when the 
system is under controlled. In our case, the system is uncontrolled.

The model parameters are not initialized properly. In our uncontrolled environment, 
when we often find inverse matrix term in parameter learning phase. Due to 
singularity of matrix in equation during parameter learning, the inverse is undefined or 
not possible. The model parameters cannot estimate from time to time due to 
frequent inverse. So, frequent inverse situation will not help our model to learn.

The reasons for singular matrix are investigated. Normally, the matrix is singular if one 
of the rows or columns is null, or any two rows are a linear combination of each 
others. The matrix is singular mostly because of zero case of rows. 

Figure 14: Prediction of build-time graph
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Figure 12 shows the build-time graph prediction. Due to problems above explained, 
the model is not successfully trained. As a result, the prediction graph deviates from 
testing data graph.

We compared our result with result of kalman filter by the RainMon team. The 
RainMon team implemented the kalman filter in python. RainMon runs kalman filter 
after a preprocessing of the original dataset. The preprocessing of dataset includes: 
the smoothing of the time-series by removing sudden spikes and noise in the system, 
and followed by the PCA. From our conversations with the RainMon team it was clear 
that they also observed same problems during our coordination with them.

Due to this, the predictions with bursty time series does not yield good results, at least 
with the kalman filter in the uncontrolled environment. 
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Chapter 7. Conclusion 
Our solution provides the functionality of discovering correlations among several 
features. Prior to applying any machine-learning algorithm on the dataset, re-sampling 
is most important.  The appropriate sampling (up sampling or down sampling) depends 
on the dataset variation. 

Our proposed algorithm (PCA) could be used to find correlations among features. We 
run our experiment on a dataset related to Ericsson builds for a specific project. One 
software build could have various related extracted features. Only base on the 
administrator expertise, the administrator was not certain, which set of features, are 
correlated with build-time. After applying the described solution with PCA on dataset; 
we found a small set of features, which are correlated, with our build-time. It will help 
the administrator to focus more investigation time on a specific feature set and thus 
reduce cost of investigation time on specific feature set.

From theory and our experimental results indicate that predicting build-time from 
these features is not possible, at least with the kalman filter in an uncontrolled 
environment and with bursty-time series. Other machine learning algorithms could 
possibly be used to do predictions in this environment.
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