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(54) A PREDICTION SYSTEM CONFIGURED FOR MODELING THE EXPECTED NUMBER OF 
ATTACKS ON A COMPUTER OR COMMUNICATION NETWORK

(57) The present invention provides a prediction sys-
tem configured for modeling the expected number of at-
tacks on a computer or a communication network using
data obtained by sensors of an attack monitoring system.
The prediction system is capable of modeling the attack
rates and predicts the expected number of attacks at dif-
ferent resolutions, granularity levels and horizons. The
core modeling module of the system requires basic and
minimal information about the observed attacks which
makes the present prediction system applicable for a va-
riety of attack monitoring systems such as low, medium
and high interaction honeypot systems or network tele-
scopes.
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Description

Field of the Invention

[0001] The present invention relates to the field of com-
puter and communication networks. More particularly,
the present invention relates to malicious attacks on com-
puter and communication networks and on methods for
predicting the attack rate using an attack monitoring sys-
tem.

Background of the Invention

[0002] Publications and other reference materials re-
ferred to herein are numerically referenced in the follow-
ing text and respectively grouped in the appended Bibli-
ography which immediately precedes the claims.
[0003] The increasing use in modern society of com-
munication and computer networks has led to the ongo-
ing problem of network-attacks. Therefore, there is a
growing need to protect and monitor network systems
which presents a great security problem that administra-
tors have to face.
[0004] Characterizing statistical properties and predic-
tion network-attacks on a target system with good accu-
racy can provide sufficient early-warning time that will
enable defenders to adjust their defense configuration
and to better react to the attacks targeting their systems.
[0005] Honeypots are a type of sensor for network-at-
tacks. There are used in communication computer net-
works as security mechanisms for detecting, deflecting
and counteracting network-attacks. Generally, a honey-
pot consist of data that appears to be a legitimate part of
the network and contain information or a resource of val-
ue to attackers, but is actually isolated, blocked and mon-
itored. In addition, honeypots are able to record metadata
regarding the attacks so later on it can be classified and
analyzed.
[0006] Network telescopes are another type of sensor
for network-attack. These sensors allow the administra-
tors to observe large scale network events by capturing
traffic from dark (unutilized) Internet address spaces.
Network telescopes consist of many devices (sensors)
that reside on remote networks capturing traffic from dark
address spaces and relaying it back to a central server
so that it can also be classified and analyzed.
[0007] Honeypots and network telescopes are useful
and important tools to collect data on malicious activities
and to better understand the strategies and techniques
used by attackers to compromise the target system.
Those network-attack sensors, as part of an attack mon-
itoring system, can provide information crucial for secu-
rity administrators to conclude representative and real-
istic assumptions regarding the kind of threats and vul-
nerabilities their system will have to cope with.
[0008] Despite the popularity of honeypots and net-
work telescopes, there is still a lack of methodologies
and systematic frameworks for rigorously analyzing the

statistical properties of the captured network-attack data.
This may be attributed to the fact that a systematic frame-
work would require both an accurate abstraction of net-
work-attacks and fairly advanced statistical techniques.
[0009] It is therefore a purpose of the present invention
to provide a prediction system for abstracting network-
attack data and modeling the expected number of attacks
on an attack monitoring system.
[0010] It is another purpose of the present invention to
provide a prediction system which is capable of modeling
the attack rates and predicting the expected number of
attacks at different resolutions, granularity levels and ho-
rizons.
[0011] It is yet another purpose of the present invention
to provide a prediction system comprising a modeling
phase that combines aspects from both regression learn-
ing and time series analysis tasks in order to improve
prediction accuracy.
[0012] Further purposes and advantages of this inven-
tion will appear as the description proceeds.

Summary of the Invention

[0013] A prediction system that is configured for mod-
eling the expected number of attacks on a computer or
communication network using data obtained from sen-
sors of an attack monitoring system is described. The
prediction system comprises:

a) a Sensor Attack Data Database configured to con-
tain metadata about attacks observed by the sensors
of the attack monitoring system;
b) a Context Filter Module which contains a variety
of filters that are configured to define desired con-
textual features of the attacks data received from the
Sensor Attack Data Database;
c) a Configuration Manager Module which is config-
ured to enable a user to define a configuration of
models used to predict the expected number of at-
tacks on the computer or communication network;
d) a Data Aggregator and Feature Extractor Module
which is configured to aggregate the number of ob-
served attacks contained in the Sensor Attack Data
Database which meet the conditions that were de-
fined in the Context Filter Module and to create the
required features and target variables for the mod-
eling task;
e) an Attack Rate Modeler Module which is config-
ured to use the features and target variables from
the Data Aggregator and Feature Extractor Module
and to generate the required sets of models accord-
ing to the configurations specified in the Configura-
tion Manager Module; and
f) an Attack Rate Prediction Models Database which
is configured to store all the models generated in the
Attack Rate Modeler module.

[0014] Embodiments of the prediction system are ca-
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pable of modeling the attack rates and predicting the ex-
pected number of attacks at at least one of different res-
olutions, granularity levels and horizons.
[0015] Embodiments of the prediction system are con-
figured for use with a variety of attacks monitoring sys-
tems comprising at least one of low honeypot systems,
medium honeypot systems and high interaction honey-
pot systems, and network telescope.
[0016] In embodiments of the prediction system, the
information about each attack record in the Sensor Attack
Data Database must comprise at least the following at-
tributes:

a. attack timestamp - the timestamp of the observed
attack; and
b. attack sensor - the attack sensor which can be
either a honeypot ID or a subnet of a network tele-
scope.

[0017] In these embodiments of the prediction system,
each attack record may contain additional information
describing different aspects of the attack. The additional
information comprises at least one of target port number
of an accessed resource in a WEB honeypot and type of
observed attack according to IDS system.
[0018] In embodiments of the prediction system, the
Context Filter Module comprises one or more filters con-
figured to select at least one of the following features:

a) attack time - selecting attacks on specific date
intervals;
b) attacked sensors - selecting only a subset of the
monitored sensors;
c) attacking machines - selecting subset of attacking
machines according to their source IP addresses;
d) attacking countries - selecting a subset of attack-
ing countries using a GEO-IP service/API which is
capable of matching source IP addresses to geo-
locations;
e) sensor type - selecting specific sensor types;
f) protocols - selecting attacks on specific network
protocols;
g) ports - selecting attacks on specific ports; and
h) content keywords - filtering attacks according to
key words which appear in the attack messages.

[0019] In embodiments of the prediction system, the
Context Filter Module is capable of combining multiple
filters using at least one of "AND", "OR" and "NOT" op-
erations.
[0020] In embodiments of the prediction system, the
Configuration Manager Module is configured to allow the
user to define at least one of the following four features:

a) granularity - specifies the hierarchal level in which
prediction models are generated;
b) resolution - specifies the time unit of the prediction
model;

c) window size - specifies how much historic data
the resolution requires for generating a prediction;
and
d) horizon - specifies, in the resolution, the time-in-
terval between the current time and the predicted
time.

[0021] In embodiments of the Configuration Manager
Module, the granularity may comprise:

a) the entire monitoring system;
b) sensors of specific type;
c) a distinct model for each sensor in the monitoring
system;
d) a distinct model for each port or protocol that the
entire attack monitoring system monitors;
e) a distinct model for each port or protocol that each
sensor of the attack monitoring system monitors;
f) a distinct model for each attack pattern discovered
by the entire attack monitoring system;
g) a distinct model for each attack pattern discovered
by each sensor of the attack monitoring system; and
h) a distinct model for each group of sensors that
share a common behavior.

[0022] Embodiments of the Data Aggregator and Fea-
ture Extractor are configured to create the required fea-
tures and target variables for the modeling task by using
the following two layers of analysis:

a) first layer wherein a feature vector and target val-
ues are created using the window size and the ho-
rizon values set in the Configuration Manager Mod-
ule;
b) second layer that the basic feature vector from
the first layer, wherein second layer is configured to
comprise:

i. temporal features - according to the timestamp
of the data obtained from the Data Aggregator
and Feature Extractor Module;
ii. moving average on a specific number of latest
values of the Data Aggregator and Feature Ex-
tractor Module;
iii. the ratio between two moving average with
different numbers of latest values;
iv. exponential moving average on a predeter-
mined number of latest values obtained from the
Data Aggregator and Feature Extractor Module;
v. the ratio between two exponential moving av-
erage on different numbers of latest values;
vi. the number of times that an increase in the
number of attacks was observed in the last spe-
cific number of values of the feature vector; and
vii. the number of times that a decrease in the
number of attacks was observed in the last spe-
cific numbers of values of the feature vector.

3 4 



EP 3 346 666 A1

4

5

10

15

20

25

30

35

40

45

50

55

[0023] In embodiments of the Data Aggregator and
Feature Extractor, the temporal feature comprises at
least one of time of day, week and month features.
[0024] In embodiments of the prediction system, mod-
els can be learned with any supervised learning algorithm
known in the art which solves regression problems. The
supervised learning algorithm is one of Sequential Min-
imal Optimization (SMO) or Linear Regression.
[0025] In embodiments of the prediction system, the
generated models are persistent in the Attack Rate Pre-
diction Models Database and configured to be retrieved
by a user as needed.
[0026] All the above and other characteristics and ad-
vantages of the invention will be further understood
through the following illustrative and non-limitative de-
scription of embodiments thereof, with reference to the
appended drawings.

Brief Description of the Drawings

[0027]

- Fig. 1 is a block diagram showing the main workflow,
various components utilized in the prediction system
of the present invention and the relations between
the components;

- Fig. 2 is an example of a possible metadata of a
single attack record being used by the prediction sys-
tem of Fig. 1;

- Fig. 3 is an example of possible data being aggre-
gated by a component of the prediction system of
Fig. 1; and

- Fig. 4A - 4C show examples of graphs illustrating a
comparison between the attack rates predicted by
the prediction system of Fig. 1 and the actual attacks
number.

Detailed Description of Embodiments of the Inven-
tion

[0028] The present invention provides a prediction sys-
tem configured for modeling the expected number of at-
tacks on a computer or a communication network using
data obtained by sensors of an attack monitoring system.
The prediction system is capable of modeling the attack
rates and predicts the expected number of attacks at dif-
ferent resolutions, granularity levels and horizons. The
core modeling module of the system requires basic and
minimal information about the observed attacks which
makes the present prediction system applicable for a va-
riety of attack monitoring systems such as low, medium
and high interaction honeypot systems or network tele-
scopes.
[0029] In essence, the modeling approach carried out
by the presently described prediction system, is based
on analysis of the metadata of attacks, rather than ana-
lyzing complete network traffic traces. The input to the
prediction system is data from a database which contains

summarized metadata about monitored attacks that have
been detected by the attack monitoring system. The out-
put is a generalized model that is capable of predicting
the expected number of attacks at different resolutions,
granularity levels and horizons.
[0030] Fig. 1 is a block diagram illustrating the basic
components and workflow process of the prediction sys-
tem. The system is comprised of one or more processors,
databases, and dedicated software containing instruc-
tions to cause the processors to carry out the functions
described herein below of each of modules 102 to 105.
In different embodiments at least some of the functions
of some of the modules, e.g. the context filter module,
can be carried out using hardware only.
[0031] Sensor Attack Data Database 101 is a reposi-
tory database which contains metadata about observed
attacks. Each attack record in the database describes an
atomic attack on a monitor system. The information about
each attack must contain at least the following attributes:

- Attack timestamp - the timestamp of the observed
attack; and

- Attack sensor - the attack sensor which can be either
the honeypot ID or the subnet of the network tele-
scope.

[0032] Each attack record may contain additional in-
formation describing different aspects of the attack, such
as: the target port number of the accessed resource in a
WEB honeypot, or the type of observed attack according
to IDS systems etc.
[0033] Fig. 2 illustrates a possible example of the struc-
ture of a single attack record on a monitor system. This
example record contains the metadata of an attack on a
Glastopf honeypot (web based attacks).
[0034] Context Filter Module 102 comprises a variety
of filters. The exact numbers and types of which depend
on the requirements of the model that the user of the
prediction system wants to create. The present prediction
system enables the user to select either a portion from
the available attack records dataset and determine the
desired contextual features of the attacks during the mod-
eling process or to relate to the entire contents of data-
base 101 without filtering it. Some examples of contextual
features that may be selected include:

- Attack time - selecting attacks on specific date inter-
vals e.g. attacks between August 2015 and January
2016.

- Attacked sensors - selecting only a subset of the
monitored sensors.

- Attacking machines - selecting subset of the attack-
ing machines according to their source IP addresses.

- Attacking countries - selecting a subset of attacking
countries. This filter requires using a GEO-IP serv-
ice/API which is capable of matching source IP ad-
dresses to geo-locations.

- Sensor type - selecting specific sensor types, e.g.
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attacks only on Glastopf honeypot.
- Protocols - selecting attacks on specific network pro-

tocols, e.g.: TCP, UDP, SMB, MYSQL, HTTP, FTP,
etc.

- Ports - selecting attacks on specific ports.
- Content keywords - filtering attacks according to key

words which appear in the attack messages.
Context Filter Module 102 is capable of combining
multiple filters using "AND", "OR" and "NOT" oper-
ations.

[0035] Configuration Manager Module 103 is a com-
ponent of the prediction system which enables the user
to define in detail the configuration of the trained model.
Configuration Manager 103 specifies four features:

1. Granularity - The granularity specifies the hierar-
chal level in which the prediction models are gener-
ated. It can vary from a single model for the entire
monitoring system to a series of multiple models for
each monitored sensor/service pair. Some exam-
ples of granularity levels:

a. The entire monitoring system.
b. All sensors of a specific type, e.g. modeling
the total number of attacks on all of the honey-
pots which emulate WEB servers.
c. Sensor - modeling a distinct model for each
honeypot/subnet in the monitoring system.
d. Port/Protocol - modeling a distinct model for
each port or protocol that the system monitors.
It is also possible to define a more detailed gran-
ularity level which analyzes Port/Protocols for
each monitored sensor.
e. Attack Pattern - modeling a distinct model for
each discovered attack pattern. Methods of cre-
ating these models are not relevant to the
present invention. Examples of how they are
created can be found in co-pending patent ap-
plication (attorney docket No. 35739/IL/16) to
the applicant of the present application. It is also
possible to define a more detailed granularity
level which analyzes attack patterns for each
monitored sensor.
f. Sensors Segments - modeling groups of mon-
itored sensors that share a common behavior.
Methods of creating these groups are not rele-
vant to the present invention. Examples can be
found in co-pending patent application (attorney
docket no. 35197/IL/16) to the applicant of the
present invention.

2. Resolution - the resolution specifies the time unit
of the prediction model. For example predicting the
number of attacks in the next hour or day.
3. Window Size - this feature refers to the resolution
unit and specifies how much historic data is required
for generating a prediction. For example using the

number of attacks in the previous five hours in order
to predict attacks that will occur in the next hour.
4. Horizon - the horizon relates to the resolution units
and specifies the time-interval between the current
time (and available data) and the predicted time. For
example predicting the number of attacks in ten
hours from the current time.

[0036] Data Aggregator & Feature Extractor Module
104 is another component of the prediction system which
is responsible, as a first step, for aggregating the number
of observed attacks. The Data Aggregator & Feature Ex-
tractor Module 104 counts the number of observed at-
tacks which meet the conditions that were defined in the
Context Filter Module 102. Moreover, the number of at-
tacks is grouped according to the resolutions and gran-
ularity levels specified by Configuration Manager Module
103.
[0037] Fig. 3 is a table that illustrates data from an ex-
ample monitoring system consisting of two types of hon-
eypots: "WEB" and "SSH" (Secure Shell Honeypots), be-
ing aggregated by a first step executed by the Data Ag-
gregator & Feature Extractor Module 104. The resolution
is defined to be one hour and the granularity is based on
the honeypot type.
[0038] Once the data has been aggregated, the Data
Aggregator & Feature Extractor Module 104 carries out
a second step of creating the required features and target
variable for the modeling task. Features are created in
two layers of analysis:

1. Layer 1 - the first layer of analysis explicitly utilizes
the results of the first step of the Data Aggregator &
Feature Extractor Module 104 to build a feature vec-
tor and target values. The window size and the ho-
rizon values set in the Configuration Manager Mod-
ule 103 are used to determine the relevant values
for each target value to be predicted. For example,
as illustrate in Fig. 3, if the window size is set to the
value of 5 and the horizon set to the value of 1, then
the records from 12:00 to 16:00 (the first five records)
will be used to predict the 17:00 record; the 13:00 to
17:00 records will be used to predict the 18:00
record, and so on.
2. Layer 2 - this layer extends the basic and explicit
feature vector from the analysis of layer 1. Examples
of possible extensions can include the following:

- Temporal features - time of day, week, and
month features according to the timestamps of
the aggregated data (first step of the Data Ag-
gregator & Feature Extractor Module 104).

- Moving average on the latest K values of the
aggregated data.

- The ratio between two moving averages with dif-
ferent K’s.

- Exponential moving average on the latest K val-
ues of the aggregated data.
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- The ratio between two exponential moving av-
erages with different K’s.

- The number of times that an increase in the
number of attacks was observed in the last K
values of the feature vector. Increase is as-
sumed if the ratio between two successive val-
ues in the feature vector is above a certain
threshold.

- The number of times that a decrease in the
number of attacks was observed in the last K
values of the feature vector. Decrease is as-
sumed if the ratio between two successive val-
ues in the feature vector is less than a certain
threshold.

[0039] Attack Rate Modeler Module 105 is the core
modeling component in the prediction system. Attack
Rate Modeler Module 105 generates the required sets
of models according to the configuration specified in the
Configuration Manager Module 103. The models are cre-
ated according to the extracted features that were pre-
pared by the Data Aggregator & Feature Extractor Mod-
ule 104. The prediction models can be learned with any
supervised learning algorithm known in the art which
solves regression problems, e.g. the target variable nu-
meric algorithm. In practice, some possible models can
be trained using Linear Regression and SMO (Sequential
Minimal Optimization).
[0040] Linear regression is an intuitive model based
on a linear equation which assumes that the relationship
between the dependent variable and the feature vector
is linear. This relationship is modeled through a distur-
bance term or error variable which is an unobserved ran-
dom variable that adds noise to the linear relationship
between the dependent variable and the feature vector.
[0041] SMO is an adaptation to SVM (Support Vector
Machine) classification models in which the goal is to find
a function on the feature space that has the smallest de-
viation from the actual value of the target variable and at
the same time is flat as possible.
[0042] At the end of the modeling stage, all the regres-
sion models are stored in a model repository.
[0043] Attack Rate Prediction Models 106 is a reposi-
tory component in the prediction system which stores all
the generated models created by the Attack Rate Mod-
eler 105. Models are persistent in the Attack Rate Pre-
diction Models 106 and retrieved by the network admin-
istrator as needed.
[0044] Figs. 4A-4C demonstrate the applicability of the
method of the present invention, by analyzing a massive
dataset of attacks on a T-pot Multi-Honeypot platform.
T-pot contains multiple types of low and medium inter-
action honeypots, emulating various types of network
services and protocols, including: HTTP, SSH, SMB,
FTP, MSSQL and VOIP.
[0045] In this analysis, the training prediction models
are based on two granularity levels: first, a global model
which estimate the global number of attacks on the hon-

eypot system. Second, models tailored for two specific
honeypot types - WEB and SSH. The analyzed dataset
contained 167 million attacks on the T-pot platform be-
tween July 2014 and August 2015. In this case, the pre-
diction system of the present invention is applied using
one hour resolution, with window size of ten hours and
horizon of one hour.
[0046] In order to evaluate the prediction system of the
present invention, Figs. 4A-4C show the comparison be-
tween the predicted number of attacks to the actual
number using time based splitting strategy. In these fig-
ures the dashed lines represent the predicted values and
the solid lines represent the actual values.
[0047] Fig. 4A shows the results for the entire attack
analysis.
[0048] Fig. 4B shows the results for the WEB attack
analysis. And,
[0049] Fig. 4C shows the results for the SSH attack
analysis.
[0050] In general, the results demonstrate high predic-
tion accuracy in all three evaluated scenarios.
[0051] Although embodiments of the invention have
been described by way of illustration, it will be understood
that the invention may be carried out with many varia-
tions, modifications, and adaptations, without exceeding
the scope of the claims.
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Claims

1. A prediction system configured for modeling the ex-
pected number of attacks on a computer or commu-
nication network using data obtained from sensors
of an attack monitoring system, the prediction sys-
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tem comprising:

a) a Sensor Attack Data Database configured
to contain metadata about attacks observed by
the sensors of the attack monitoring system;
b) a Context Filter Module which contains a va-
riety of filters that are configured to define de-
sired contextual features of the attacks data re-
ceived from the Sensor Attack Data Database;
c) a Configuration Manager Module which is
configured to enable a user to define a configu-
ration of models used to predict the expected
number of attacks on the computer or commu-
nication network;
d) a Data Aggregator and Feature Extractor
Module which is configured to aggregate the
number of observed attacks contained in the
Sensor Attack Data Database which meet the
conditions that were defined in the Context Filter
Module and to create the required features and
target variables for the modeling task;
e) an Attack Rate Modeler Module which is con-
figured to use the features and target variables
from the Data Aggregator and Feature Extractor
Module and to generate the required sets of
models according to the configurations specified
in the Configuration Manager Module; and
f) an Attack Rate Prediction Models Database
which is configured to store all the models gen-
erated in the Attack Rate Modeler module.

2. The prediction system of claim 1, configured to mod-
el the attack rates and predicts the expected number
of attacks at at least one of: different resolutions,
granularity levels and horizons.

3. The prediction system of claim 1, configured for use
with a variety of attacks monitoring systems com-
prising at least one of: low honeypot systems, me-
dium honeypot systems and high interaction honey-
pot systems, and network telescope.

4. The prediction system of claim 1, wherein the infor-
mation about each attack record in the Sensor Attack
Data Database must comprise at least the following
attributes:

a) attack timestamp - the timestamp of the ob-
served attack; and
b) attack sensor - the attack sensor which can
be either a honeypot ID or a subnet of a network
telescope.

5. The prediction system of claim 4, wherein each at-
tack record may contain additional information de-
scribing different aspects of the attack.

6. The attack record of claim 5, wherein the additional

information comprises at least one of: target port
number of an accessed resource in a WEB honeypot
and type of observed attack according to IDS sys-
tem.

7. The prediction system of claim 1, wherein the Con-
text Filter Module comprises one or more filters con-
figured to select at least one of the following features:

a) attack time - selecting attacks on specific date
intervals;
b) attacked sensors - selecting only a subset of
the monitored sensors;
c) attacking machines - selecting subset of at-
tacking machines according to their source IP
addresses;
d) attacking countries - selecting a subset of at-
tacking countries using a GEO-IP service/API
which is capable of matching source IP address-
es to geo-locations;
e) sensor type - selecting specific sensor types;
f) protocols - selecting attacks on specific net-
work protocols;
g) ports - selecting attacks on specific ports; and
h) content keywords - filtering attacks according
to key words which appear in the attack mes-
sages.

8. The prediction system of claim 1, wherein Context
Filter Module is capable of combining multiple filters
using at least one of "AND", "OR" and "NOT" oper-
ations.

9. The prediction system of claim 1, wherein the Con-
figuration Manager Module is configured to allow the
user to define at least one of the following four fea-
tures:

a) granularity - specifies the hierarchal level in
which prediction models are generated;
b) resolution - specifies the time unit of the pre-
diction model;
c) window size - specifies how much historic da-
ta the resolution requires for generating a pre-
diction; and
d) horizon - specifies, in the resolution, the time-
interval between the current time and the pre-
dicted time.

10. The Configuration Manager Module of claim 9,
wherein the granularity may comprise:

a) the entire monitoring system;
b) sensors of specific type;
c) a distinct model for each sensor in the moni-
toring system;
d) a distinct model for each port or protocol that
the entire attack monitoring system monitors;
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e) a distinct model for each port or protocol that
each sensor of the attack monitoring system
monitors;
f) a distinct model for each attack pattern dis-
covered by the entire attack monitoring system;
g) a distinct model for each attack pattern dis-
covered by each sensor of the attack monitoring
system; and
h) a distinct model for each group of sensors
that share a common behavior.

11. The Data Aggregator and Feature Extractor of claim
1, which is configured to create the required features
and target variables for the modeling task by using
the following two layers of analysis:

a) first layer wherein a feature vector and target
values are created using the window size and
the horizon values set in the Configuration Man-
ager Module;
b) second layer that the basic feature vector from
the first layer, wherein second layer is config-
ured to comprise:

i. temporal features - according to the times-
tamp of the data obtained from the Data Ag-
gregator and Feature Extractor Module;
ii. moving average on a specific number of
latest values of the Data Aggregator and
Feature Extractor Module;
iii. the ratio between two moving average
with different numbers of latest values;
iv. exponential moving average on a prede-
termined number of latest values obtained
from the Data Aggregator and Feature Ex-
tractor Module;
v. the ratio between two exponential moving
average on different numbers of latest val-
ues;
vi. the number of times that an increase in
the number of attacks was observed in the
last specific number of values of the feature
vector; and
vii. the number of times that a decrease in
the number of attacks was observed in the
last specific numbers of values of the fea-
ture vector.

12. The Data Aggregator and Feature Extractor of claim
11, wherein the temporal feature comprise at least
one of: time of day, week and month features.

13. The prediction system of claim 1, wherein prediction
models can be learned with any supervised learning
algorithm known in the art which solves regression
problems.

14. The prediction system of claim 1, wherein the super-

vised learning algorithm is one of Sequential Minimal
Optimization (SMO) or Linear Regression.

15. The prediction system of claim 1, wherein the gen-
erated models are persistent in the Attack Rate Pre-
diction Models Database and configured to be re-
trieved by a user as needed.
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