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Abstract: Spam emails, also known as non-self, are unsolicited commercial or malicious emails, sent
to affect either a single individual or a corporation or a group of people. Besides advertising, these
may contain links to phishing or malware hosting websites set up to steal confidential information.
In this paper, a study of the effectiveness of using a Negative Selection Algorithm (NSA) for anomaly
detection applied to spam filtering is presented. NSA has a high performance and a low false detection
rate. The designed framework intelligently works through three detection phases to finally determine
an email’s legitimacy based on the knowledge gathered in the training phase. The system operates by
elimination through Negative Selection similar to the functionality of T-cells” in biological systems. It
has been observed that with the inclusion of more datasets, the performance continues to improve,
resulting in a 6% increase of True Positive and True Negative detection rate while achieving an actual
detection rate of spam and ham of 98.5%. The model has been further compared against similar
studies, and the result shows that the proposed system results in an increase of 2 to 15% in the correct
detection rate of spam and ham.

Keywords: spam; ham; phishing; anomaly detection; Negative Selection

1. Introduction

Email has been an extremely important medium of communication for quite some time now,
allowing almost instant reachability to any part of the world with internet connectivity. As stated by
Tschabitscher [1], almost 5 billion email accounts were actively in use in 2017, and this is expected
to grow to over 5.5 billion by the end of 2019. Tschabitscher [1] also highlights the fact that though
more than 270 billion emails are exchanged daily, approximately 57% of these are just spam emails [1].
There are a number of existing machine learning methods as well as techniques that closely resemble
biological immune systems to filter spam or phishing emails but their performance has been a major
concern. Most of the techniques manage to successfully thwart spam but the tradeoff is that they also
block some of the non-spam emails, known as ham. This is a problem, as it could lead to the loss of
important information for the user.

1.1. Common Threats

Users worldwide are constantly bombarded by various types of email attacks, such as email
spoofing, phishing, and variants of phishing, such as spear phishing, clone phishing, whaling, covert
redirect etc. Email spoofing often involves forging the email header (The From part) so that the message
appears to have been sent from a legitimate user. Email spoofing is a ploy used in spam campaigns
because people tend to open an email when they think it is sent by someone they recognize [2]. Email
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phishing is a form of spoofing which deceives the user with messages which appear legitimate [3].
Malicious attackers have also attempted to hide the text behind images to defeat anti-spam programs. It
is an obfuscation method by which the text of the message is stored as a JPEG or GIF image and displayed
in the email. This prevents text-based spam filters from detecting and blocking spam messages.

1.2. Architecture of an Email

Emails are composed of headers and the body of the email. First there is the TCP/IP Header,
containing source and destination IP address, then the SMTP envelop, holding the email transactional
fields, and source and destination email addresses (but this part is not seen through to the email clients);
and then the SMTP headers, where different visible email parts (accessed by the email clients to relate
the information to the user), such as ‘subject’, ‘from” and ‘to’ fields reside. As mentioned above, this is
the section which gets tinkered with by the fraudsters, as the actual source and destination emails are
kept in the SMTP envelop, which is not directly visible by the user. Finally, there is the body of the
email—which is the email message, optionally containing links and attachments, which can be of a
malicious nature. Bulk email is not only irritating for everyday email users but it also creates a major
computer security problem that costs billions of dollars in productivity losses [4]. In addition, it is also
the primary medium for phishing [5,6], as well as for the spread of malicious software, such as viruses
and worms [4].

1.3. Complexities Caused by Spam Emails

As indicated above, spam emails can have multifarious problematic effects on individuals,
organizations, and the population in general. Leung and Liang [7] noted that phishing alerts often
bring about a substantial negative return on stocks. Other researchers have described the negative
effects on companies whose legitimate email messages were considered spam by anti-spam systems [8].
Spam emails can cause significant reputational damage, as well as an individual’s identity theft,
through the installation of malicious attachments; the stolen information can later be used to harass
the victims [9]. Botnets [10] can also spread through spam emails. High profile cases of companies
which are victimized have become regular occurrences. In 2018, sensitive financial information of
employees of a United States Bus Company had fallen into the hands of scammers, due to a phishing
email scam [11]. Then, a recent whaling attack cost the French cinema chain ‘Pathé’, also in 2018, over
USD 21 Million [12]. These are just a few of examples of the widespread problem of spam emails.

1.4. Shortcomings of Non-Automated Spam Filtration Methods

There are a number of non-automated spam identification frameworks available which do
not rely on machine learning principles but these systems face considerable bottlenecks in tackling
contemporary spam attack patterns and dynamism. In this section, we will briefly highlight some of
the shortcomings in these systems.

The blacklisting of sender addresses has been a popular choice over the years. But this system
alone (primary\lone defense against spam emails) has proven to be insufficient, as the spammers are
adept at changing the sending address and the database update process is often slow [13].

The heuristic approach is another popular technique, where a set of rules is applied to incoming
emails to mark them as spam or ham. Regular expressions are often used to construct the rule set.
However, if the scammers manage to get access to the ruleset, they can quite conveniently prepare
their messages beforehand to avoid the filtering system.

Other known frameworks are keyword matching, country-based filtering, and greylisting, to
name a few, but these also suffer from limitations that modern spam gangs can easily exploit. Another
key issue common to almost all of these frameworks is that with the increase in SPAM detection
for these systems, the False Positive rate (FP) also increases dramatically, which leads to a poor
overall performance.
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1.5. The Benefits of Our Proposed Machine Learning Based Approach

Adoption of machine learning to detect the changing nature of the problem has been quite
promising in recent times. Machine learning approaches are currently being used with newer
technologies such as Blockchain [14,15] as well as with more traditional sectors [16]. Machine learning
based filters are able to adapt themselves to the changing nature and behavior patterns of the spammers.
As spammers always tend to introduce subtle changes and design new ways of spreading spam emails
as widely as possible, this is a critical advantage. Static filters, which are not able to detect these subtle
changes, eventually fail against even a slightly modified spam patterns.

Machine learning based techniques can be divided into two basic categories: Unsupervised and
Supervised (the majority). Supervised learning models require a training set of samples which have
been previously labelled. These methods perform better with the availability of more training instances
but this requires a considerable amount of prior labelling work. In the gathering phase, as many
emails as possible are usually collected. However the labelled training instances are infrequent and
this slows down the ‘sharpening’, or, to put it in a simpler way, the ‘becoming more intelligent” of the
anti-spam systems.

In light of these difficulties, we propose a novel hybrid technique of a supervised approach with a
modified machine learning technique inspired by the human immune system. It is called Negative
Selection Algorithm (NSA) and uses different detectors in order to successfully detect spam emails
with a high degree of confidence. The algorithm determines whether an email is spam by evaluating a
probable spam word footprint scale as well as by checking a database containing blocked IP addresses
and a database of frequently used confirmed spam keywords. We expect our novel approach of
hybridization of Machine Learning principles along with NSA can have a significant impact on spam
detection and filtration.

2. Related Work

Considerable work has already been done in this field, and due to the importance of the topic, new
detection methods are regularly proposed. Nosseir et al. [17] proposed a character-based technique.
This approach uses a multi-neural network classifier. Each neural network is trained on the basis of a
normalized weight obtained from the ASCII value of the word characters. However, an attacker can
camouflage the words, e.g., by writing the words using a slightly different spelling or by using visuals,
to circumvent detection. This results in relatively low correct detection rates.

Aski et al. [18] developed a rule based framework, where 23 carefully selected features were
identified from a personally accumulated spam dataset. Each of the criteria was then assigned a score.
In order to label the email as spam or ham, the accumulated score was compared to a threshold value.
Three machine learning principles, Multilayer Perceptron (MLP), Naive Bayesian Classifier, and C4.5
Decision Tree Classifier were used, but the study was conducted on a limited database of just 750 spam
and ham emails. An effective performance measure in terms of time and memory footprint has not yet
been described.

Another study proposes that text mining in emails should be done at the term level [19]. The
mining process starts by pre-processing the document collection and extracting the relevant terms from
the documents. Each document is then represented as a set of terms and annotations characterizing the
document. This method gives the number of occurrences of the terms. However, one of the drawbacks
is that it cannot handle large texts.

Work has also been done to identify spamming accounts. The ErDOS (Early Detection of
Spamming) system, uses an algorithm specifically designed for the early detection of spamming
accounts. The detection approach implemented by ErDOS amalgamates content-based detection with
features based on inter-account communication patterns [20]. This work could be extended in the
future so that it may support the real-time signaling of a spammer’s account.

In another study [21] a new hybrid model, combining standard Negative Selection Algorithms, and
Differential Evolution, has been suggested. The proposed model has the unique feature of implementing
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Differential Evolution in the random generation phase of NSA. The model also maximizes the generated
detector distance while minimizing the overlap of detectors [21]. However, this work does not address
the issues of image spamming and clickjacking.

Attackers often try to avert word based filtering systems by using character variations to disguise
the word, such as spelling “mortgage” as “M*o*r*t*g*a*g*e”. Another common example is the word
“Viagra” (‘Viagra’, ‘Viagrra’, "Via gr a’ or ‘vi<bre/>agra’). This approach limits the effectiveness
of most content-based techniques. However, regular expressions (regex), generated manually, can
be of great use in identifying messages obfuscated by spammers through varying patterns. In this
context, a regular expression is a compact way to depict sets of words or sentences that follow a certain
pattern [22]. This can then be locally integrated with a content-based filtering scheme. Ruano-Ordas et
al. [22] used such a technique to filter spam messages. They developed a novel genetic programming
algorithm, named DiscoverRegex, to automatically generate regular expressions for a given dataset.
One potential improvement of this system would be to extract regular expressions from the full text of
the messages instead of the currently adopted ‘contents of subject header” only.

Clickjacking, also known as IFrame Overlay or Ul redressing, is a type of attack in which a field or
button is overlaid by malicious scripts or links that are not usually visible. The technique has become
rather popular amongst the hacker community. It leads the users to clicking on links or buttons which
they cannot see, usually because the color of the link is the same as the page background color. Three
of the Alexa Top 10 web sites and nearly 70% of the major banking sites have no precautions in place
against clickjacking attacks [23]. One readily implementable modification against clickjacking has been
to offer a confirmation prompt to users when the target element has been clicked [24]. For confirmation,
the user may be asked to mark a checkbox. Another way is to enter a correct CAPTCHA before clicking
on any action button intended.

The ‘Phishing Email Detection System’ (PEDS) is a framework based on supervised and
unsupervised techniques [25]. It also has elements of reinforcement learning. The system can
adapt itself based on detected changes in the environment. The framework works well for Zero-Day
phishing attacks but not for general advertisement spams. The engine of the system, the ‘Feature
Evaluation and Reduction’ (FEaR) algorithm, dynamically selects and ranks the critical features from
emails based on several environmental parameters. However, the selected features are somewhat
unconventional and not really sufficient yet.

Zhu and Tan introduced a ‘Local Concentration (LC) based Feature Extraction’ technique for the
development of their anti-spam model [26]. It is inspired by the ‘Biological Immune System (BIS)’. The
LC approach is capable of determining position-correlated information from a message by converting
each area of a message to a corresponding LC feature. The message content is divided using a fixed
length sliding window. Feature engineering can help to derive new features from existing ones [27].

The spam filtering implementation discussed by Hayat et al. [28], is based on an improved version
of the Naive Bayes algorithm. It has a better performance than systems based on the standard version
of the Naive Bayes algorithm. The framework compares the content of the current batch of emails
to that of earlier ones. If a major change is detected, the model automatically makes the necessary
modifications. Once updated, the detection rate of spam improves considerably. An 8-9% increase in
accuracy was achieved relative to a multinomial Naive Bayes algorithm.

Support Vector Machines (SVMs) are widely used and have been proven quite efficient in designing
anti-spam systems based on machine learning. The advantage of SVMs over other algorithms is
that they can handle high dimensional feature sets which have many attributes [29]. SVMs can also
transform non-linearly separable data into new linearly separable data by a procedure called the
‘kernel trick” [30]. However, Alsmadi and Alhami [31] argued that a lower False Positive rate can be
achieved using NGram based clustering and classification.

In his work, Idris [32] developed a new detector model with a set of matching rules using NSA.
The system effectively matches self and non-self in order to improve the detector’s performance. The
system has achieved an accuracy of 89.29% on a dataset of 4601 instances. However, the model only
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uses word-based similarity through Euclidian distance for matching. Taking header information, such
as the source IP, into consideration might further improve its performance.

3. Proposed Methodology

The model proposed in this study is trained by developing a memory of the past behavior of
spam emails. It does not allow the same type of behavior in future incoming messages, as the model
has been inoculated by the user against a particular behavior. This process is called Negative Selection.
The design of the Negative Selection algorithm has been based on the self-nonself discrimination
behavior of the mammalian acquired immune system [33] as shown in Figure 1.

Immature lymphocytes Mature lymphocytes

" l:L l‘ " lymphocyte 0
not matched

3 3
¢

¢
o' @ A M

matched

SELF

L 4

Figure 1. Self and non-self agents [34], Reproduced with permission from Heba Elshandidy, Geniuses
ONLY! Artificial Immune Systems — PART II, published by Wordpress, 2011.

The principle behind the process via Negative Selection is the anticipation of unfamiliarity or the
variation from what is familiar. This is also a key step in anomaly and change detection algorithms.
The objective is achieved by developing a model of anomalies, changes, or unfamiliar (non-normal or
non-self) data by generating patterns that do not correspond to or match an existing body of available
(self or normal) patterns. The prepared non-normal model is then used to monitor existing natural
data or new data streams by looking for matches to the non-normal patterns. The Negative Selection
or Artificial Selection differentiates between normality and anomaly by having knowledge of self and
non-self-behavior. This knowledge can be programmed into a system or developed through a series of
learning processes known as training. The process of training can be carried out by ‘Learning” from the
contents of different self and non-self datasets.

Negative Selection Algorithm (NSA) Illustrated

Artificial Immune Systems (AIS) are highly distributed, computationally intelligent methods
or systems based on the observation of the behavior and interaction of antigens and antibodies in a
biological system. Negative Selection Algorithms (NSA), a sub-area of AIS, imitate the way a human
body detects and disposes of harmful antigens. An antigen may be defined as a substance that
causes the immune system to produce antibodies against it. An antigen may be a substance from the
environment, such as chemicals, bacteria, viruses (non-self-antigen) or it may be produced in the body
(self-antigen). The immune system does not recognize the substance, and is consequently trying to
eliminate it [35].

The NSA is developed on the basis of the mechanism in the Thymus that induces a set of mature
T-cells capable of binding or matching only with non-self-antigens. These T-cells are ‘trained’ in the
maturing phase to not interfere with self-cells. The mature T-cells possess a repository of known
patterns or of other self-cells which can be used when faced with antigens, or non-selfs. Remedial
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action is taken if something out of ordinary enters into the system or if a break in the expected pattern
is detected. In biological systems, antibodies are created to deal with unwanted antigens. The ‘binding’
results in the destruction of the non-self-antigen.

The NSA starts by producing a set of self-strings, S, that define the normal state of the system. The
next step is to generate a set of detectors, D, capable of recognizing or binding with the complement of
S only, that is §” (non-self). These detectors act in a similar way to mature T-cells which are capable of
inducing antibodies soon as a match is found. Binding occurs with the antigen or in this case, spam
keywords or blacklisted IPs. The core logic within the detectors works similar to the mechanism of
biological antibodies. The algorithm can then be applied to new data in order to separate them into
‘self’ or ‘non-self’.

The model is trained with both spam and ham datasets to build the knowledge base required
for intelligent operation. The detectors within react differently when faced with spam keywords
(non-self-antigen) than with ham keywords (self-antigen). As mentioned above, the T-cells in the
immune system also go through a maturing process to learn how to react when faced with self and
non-self-antigens. The immune system has more than one frameworks in place to combat unwanted
situations (e.g., the release of an immature T-Cell into the blood stream). The proposed system also
follows such a pattern through the implementation of multiple detectors that act as a barrier against
spam emails.

4. Design of the Framework

A model is prepared to be trained with self (non-spam or ham) datasets as well as with spam
datasets. These datasets have previously been investigated and are labeled either as spam or non-spam.
For training and building the spam and non-spam databases, the well-known Enron email datasets are
used. The entire raw set can be found in the data repository of Carnegie Mellon University, USA. The
six sets used for this study were downloaded from the Department of Informatics, Athens University
of Economics and Business, Greece.

The downloaded six datasets are arranged in the following structure:

Each email is passed through the trainer model where it is processed to extract keywords and to
categorize its contents. The email addresses are also extracted, as well as the source IP addresses of
these emails. At the end of each process, statistics are presented with a list of words and their frequency
in the current set of emails. This is recorded in separate databases which can be updated when more
datasets become available in the future. It has been observed that more recently updated databases
result in a higher detection rate of spam and a lesser number of false positives. Flagging a true spam
message as spam is termed True Positive while marking a legitimate message as a spam message is
known as False Positive. False positives result in the loss of legitimate emails which is a major concern.
To improve the system’s performance and lower the false positive and false negative rate, the model
needs to be trained with updated datasets whenever possible so that it is aware of the behavior of
newly coming threats. In total 50,409 emails, a subset of Enron email corpus, have been used for
training and testing purposes. As outlined in Table 1, 33,792 emails or just under 66%, have been used
for training purposes. The remaining 17,157 emails or just over 34%, have been used as the test dataset.

Table 1. Enron email dataset.

Dataset Number of Spam Number of Ham
Enron, 1513 3735
Enron, 1496 4361
Enrong 1500 4012
Enrong 4500 1500
Enrong 3675 1500
Enrong 4500 1500

Total 17,184 16,608
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4.1. Training Phase

In the training phase the model is trained with both ham and spam Enron datasets. In the
following section each segment of the process has been outlined with an appropriate pseudocode.

e To begin with, the datasets need to be identified by the framework as either HAM or SPAM.
Corresponding pseudocode:

1.  Input: SPAM and HAM database

2. Define Spam and Ham as containers for SPAM (non-self) and HAM (self) categories
of datasets.

e  Once the datasets have been appropriately marked, the features of SPAM or HAM emails need to
be identified. Words and keywords along with the frequency of their occurrence are stored in
appropriate databases. In the case of spam emails, certain word-combinations are also stored.

Corresponding pseudocode:

Read SPAM or HAM datasets

a. For input i =1 to length of datasets:
b. Read email(;)
c. Sample words and keywords
d. Record words along with their frequency
e. If a word or combination of consecutive words (a keyword) has appeared before, then update
its frequency in the SPAM and HAM databases

f. EndFor

e  Repeat step 1 (a—f) whenever new datasets are available to further train or update the database.

Corresponding pseudocode:
Read SPAM datasets
a. For input i = 1 to length of datasets:
b. Select the words or combinations
c. Check Token Database for the selection at 1.b.
d. If found == TRUE
e. Goto step 1.a.
f. Else, frequency is greater than set threshold
g. copy the word to Token Database
h. EndIf
i. EndFor

Figure 2 is a graphical illustration of the whole process.
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Some of the keywords of interest which have been found after completing the training steps above

for the Enron datasets and are presented in Table 2.

Table 2. A sample of spam keywords and their frequency in the Enron spam dataset.

No Key Frequency
1 Viagra 1177
2 Sex 333
3 Xanax 262
4 vicodin 143
5 discreet 109
6 casino 86
7 teen 69
8 unsolicited 27
9 Removal instructions 20

10 babes 12

11 financial freedom 8

12 offer expires 5

13 make money 4

14 work from home 2

15 mortgage rates 1

16 free gift 1

All these words are spam keywords, tokens that spammers had used in their emails to sell their
products or attract the user for various reasons. They are recorded in the token database and are
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used to make a decision whether new emails are spam or ham. If the email passes this step, further
processing is done to determine its authenticity as illustrated in the next section.

4.3. Structure of the Datasets

The Enron email dataset is one of the very few collections of organizational emails that are
publicly available.

An Enron email message, found in the original corpus, is composed of the following headers in
order (the header field in parenthesis is optional): “Message-ID”, “Date”, “From”, (“To”), “Subject”,
(“Cc”), “Mime-Version”, “Content-Type”, “Content-Transfer-Encoding”, (“Bcc”), “X-From”, “X-To”,
“X-cc”, “X-bec”, “X-Folder”, “X-Origin”, and “X-FileName”. A blank line separates the email content.
If the signature and quotation are available, they are also included. Header field names starting with
an “X-” indicate that the field values are from the original email message. The field values of “From”,
“To”, “Cc” and “Bec” are converted to “X-From”, “X-To”, “X-Cc” and “X-Bcc” accordingly [36].

5. Detection Stages

Every email must pass through the following detection stages to be regarded as legitimate.

5.1. Blocked IP Database

The Blocked IP Database is a list of all blocked IP addresses. Any email originating from any of
these IP addresses will immediately be marked as SPAM.

5.2. Token Database

As discussed above, the token database is manually updated and stores keywords which have
already been flagged as spam or non-self. Any email containing even a single keyword from this
database will be marked as spam. Some of the words or word combinations found in this database
are hidden assets, asian babes, for just $xxx, accept credit cards, bank account, xanax, 50% off, act now! don't
hesitate!, to mention a few. There are a number of word variations and different individual words that
can be found in this database

5.3. SPAM and HAM Database

If an incoming email passes through the two detectors above, the SPAM and HAM databases, are
used to confirm the email’s legitimacy. Every email is scanned line by line to determine the status of
each word and investigate whether they belong to the SPAM database or the HAM database.

If the majority of words in a line belong to the SPAM database that line is marked as a spam line,
otherwise it is considered a HAM line. After all the lines have been processed, a decision is made
based on how many SPAM lines have been found in the email. Currently a 30% threshold level is being
used, i.e., if 30% of lines are spam lines then the email is marked as spam.

6. Email Scanning Algorithm

This section describes the actual algorithmic steps that have been developed to realize
the framework.

e  The email is preprocessed to be checked against the Token Database, the Blocked IP database, and
finally the SPAM database.

e  To reduce the processing time some of the helping verbs, such as am, is, are, was, were, be, being,
been, do, did, didn’t etc. have been removed.

e  The whole email is then converted into lower case to reduce the complexity of checking the words
in all their possible combinations of upper and lower case. For instance, one of the most common
spam words ‘viagra’ can come in many varieties such as Viagra, vlagra, viaGRa, etc. In fact
there could be 64 possible forms (2°) of the word Viagra. A human can process all those different
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forms and usually interprets them similarly but for the computer these are all different words.
Converting to lower case reduces the processing overhead and improves the time efficiency.
Extra spaces are also removed along with some special characters to reduce extra checks as
explained above, e.g., “Viagra’, ‘Viagra’, ‘Viagra’, ‘Viagra’, etc., they are all different words to
the computer. Hence, removing leading and trailing spaces and lowering the case will reduce
processing complexity.

The email is evaluated using three different detectors. The first one identifies whether the source
IP address matches to that of the blacklisted IP address or if anywhere in the content of the email
body, such an IP address is mentioned.

In the second detector, words within the email body is matched against a pre-designed confirmed
spam token database, and if a word does get matched, then the email is flagged as spam.

In the third detector, each line of the email is evaluated to determine if it contains any spam word
from a SPAM dataset built from training the confirmed spam emails. If 30% of the lines of the
email contains any spam word, then the email is flagged as spam email.

The following is a detailed look into the internals of each of the detectors through which an email

is passed.

6.1. Detector # 1—Source Check

The email is checked against the Blocked IP database to check whether it is sent from a blacklisted

IP address. Currently the chosen Blacklist database has 36,332 blacklisted IPs; downloaded from
www.heise.de. It is an up-to-date collection of spam emitting IP addresses or suspicious sources. If an
email is from any of these IPs, it is flagged as spam straightaway. The following algorithm takes a set
of blacklisted IP as input and dissects the email header to determine if the source IP matches with
any of the blacklisted IP, the algorithm also looks into the email body to check if any mentions of any
blacklisted IP can be found. If such a match occurs, the email is filtered out and marked as spam.

Corresponding pseudocode:

1.
2.
3.

Input: Blacklisted IP Address collection.
Output: Email flagged as spam or ham.

BEGIN:

a. Input email;

b. Input IPs;

C. Let L = Number of lines in email;
d. ForI=1toL

e. W = Total words in each line;
f. ForJ=1to W

g. If match (word, IP list) == TRUE
h. Mark as spam;

i Else

j- Mark as ham;

k. EndIf

L. EndFor

m. EndFor

END

6.2. Detector # 2—Token Database

This phase starts off by checking each word of the email against the blacklisted Token Keys. If any

word is found to be from the Token Keys, the email is flagged as spam without any further processing.
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In other words the email is marked as spam if only a single word is found in the Token database.
However this rule can be tuned and configured as needed, for example instead of a single word, we
may tolerate up to three words before an email is labelled as spam. To do that, a loop can be included
that will hold step £ to k as the loop body, and will run thrice to check if three spam words can be
detected from the entire body of the email, before finally labelling an email as spam or ham. It is also
possible that it is not a single word which may be spam but a combination of words, e.g., ‘free’ is not a
spam word but ‘free credit’ is a considered a spam key and “100% free” is a spam key without any doubt.
To deal with this situation, the whole email is scanned for such combinations. These combinations are
mapped directly to the Token Database and the whole email is searched for any occurrences.

Corresponding pseudocode:

1.  Input: Token Database.
2. Output: Email flagged as spam or ham.

3. BEGIN:
a. Input email;
b. Input IPs;
c. Let L = Number of lines in email;
d. ForI=1toL
e. W = Total words in each line;
f. ForJ=1to W
g. If match (word, Token Keys) == TRUE
h. Mark as spam;
i Else
j- Mark as ham;
k. EndIf
L. EndFor
m. EndFor
END

It is to be noted that although Detector 2 and 3 were programmed in one single algorithm, they
have been presented in to different sections for the purpose of clarity.

6.3. Detector # 3—SPAM and HAM Database

It is not possible to have a complete list of current spam words or word combinations against
which each email can be checked to determine its authenticity. As spammers keep changing the format
and text frequently, the spam databases may not be able to keep pace. To deal with this problem it
is necessary to frequently train SPAM and HAM databases with datasets of confirmed spam emails.
Currently, as mentioned before, the “Enron” email datasets are being used for training the SPAM and
HAM models of the developed algorithm. Spam emails from different origins can also be used to train
the model.

Hence, in Detector # 3, each email is also checked against a trained model to make a decision
whether it is a SPAM or non-SPAM email. The email is scanned line by line and if 30% of the lines are
found to be of the pattern of spam emails then the email is marked as spam. The current threshold is
30% but it may be modified if it further improves the performance.
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Corresponding pseudocode:

1. Input: SPAM Database;
2. Input: HAM Database.
3. BEGIN:
4. Input email;
5. Let L= Number of lines in the email
6. ForK=1toL
7. Let NW = Number of words in the current Line
a. Fori=1toNW
b. If word(i) € SPAM
c Check p;; for word;) being a spam word;
d. EndIf;
e. If word(i) € HAM
f. Check py,; for word ;) being a ham word;
g. EndIf;
h. If psi > phi
i wordy;) is a SPAM word.
j- Else word ;) is a HAM word
k EndIf
1. Record word;) and its status, i.e., SPAM or HAM
m. EndFor

n.  Check how many words in current line are spam. If over 30% then the line is a SPAM line.

8. EndFor

9. Check how many line are found as SPAM lines in the whole email. If more than 30% lines are spam, then
current email is a SPAM email otherwise a HAM email.

Here NW is the number of words in a line, ps and pj, are probabilities which are approximated as
the frequency of the word ;) in the SPAM and HAM learning phase. Now, as can be seen from step h to
k, if ps is greater than py,, the word is marked as spam. Otherwise, it is marked as ham. The status is
also recorded for future reference. If a single word from a line is marked as spam in this fashion, the
whole line is considered as a line containing spam words. All the lines of the email are checked for
such occurrences and if at least 30% of the lines are marked as spam then the message is considered a
spam email.

7. Results and Discussion

As can be seen from Figures 3 and 4, as well as Table 3, training the algorithm with more datasets
improves the performance by reducing False Positives, FP and False Negatives, FN. A total of 17,157
emails from the Enron datasets were scanned, as shown in Table 3. With just Enrony, 15,981 emails
were detected accurately (True Positive, TP combined with True Negative, TN), while 1176 emails were
identified wrongly. However, as can be seen from the same table, the subsequent addition of more
datasets increased to proportion of emails that were correctly classified. After the addition of the final
dataset, Enrong, 16,912 emails were detected appropriately. In the context of this study, True Positive
(TP) is the actual spam emails while True Negative (TN) is the actual ham emails.
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Figure 3. Progressive increase in the correct detection rate.
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Figure 4. Comparison between (False Positive, FP + False Negative, FN) and (True Positive, TP + True
Negative, TN) percentages.

Table 3. Progressing enhancement with the introduction of additional datasets

Total Email Scanned: 17,157

Trained by Number

Datasets TP + TN FP + FN
of Datasets TP+1N FP+FN Percentage Percentage
Dataset; Enronq 15,981 1176 93.14 6.85
Dataset, Enronq + Enrony 16,323 834 95.14 4.86
Datasets Enronq 4+ Enrony + Enrong 16,453 704 95.89 4.10
Datasety Enronq 4+ Enrony + Enronsz+Enrony 16,789 368 97.85 2.15
Datasets ~ '/0m T Enrona & EnronstEnrong + ¢ g5 357 97.92 2.08
Enrons
Datasety, L0+ Enmrona + EnrongEnrong &y g1 245 98.57 142

Enrons + Enrong

As shown in Figure 3, the model had a correct detection rate (True Positive + True Negative) of
93.14% during the initial run using only one dataset. After training with all six sets, this soared to
98.57%. With the introduction of the second dataset, D2, the improvement already become noticeable.
D3 enhanced the correct detection rate slightly, but dataset 4 still had a major impact and the True rate
rose to 97.85%. Adding dataset 5 resulted in a marginal improvement of 0.07% but the inclusion of the
final dataset, Enrong, or D6 in the context of the figure, increased the detection rate to 98.57%. It is
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expected that with the addition of more datasets in the training phase, the framework will become
even more accurate.

Figure 3 presents both true and false percentages. This framework results in a considerably
combined lower False Positive (FP) and False Negative (FN) rate than many other proposed frameworks.
Besides being able to detect common spam words, the mechanism is also able to catch double or triple
word spam phrases as well as word obfuscation. It can also be observed from Figure 4 that while the
combined True Positive (TP) and True Negative (TN) percentages increased gradually, the combined
False Negative and False Positive percentages declined.

Figure 5 graphically illustrates the relative contribution of each of the detectors in correctly
classifying an email as spam or ham starting from Enron; to Enrong. The first detector checked the
source IP address and its presence in the email body or header. The second one matched email body
words to that of a pre-defined spam token dataset, while the final detector evaluated whether at least
30% of the lines of the email body contained any spam words. As can be seen, with the addition of
more datasets, the relative contribution of detector 1 and 2 increased, while the opposite was true for
detector 3. This signifies that with the increased training of the model, most of the spam emails were
caught at the first two levels of detection.

=g [etector 1

30 / === Dtector 2
20 /r— Detector 3

# of spam or ham correctly detected

=1

Enron 1 Enron 2 Enron 3 Enron 4 Enron 5 Enron 6

Figure 5. The relative contribution of each of the detectors in identifying spam or ham (True Positive
and Negative) upon addition of more datasets.

Figure 6 demonstrates the result of benchmarking the proposed framework against similar studies
done by other researchers [21,32,37,38] in terms of correct detection rate of spam and ham. Idris [32]
experimented with a standalone NSA model, while swarm intelligence has been included with NSA
to develop a filtering system by Idris et al. [38]. In the other two studies [21,37], standard NSA was
used in conjunction with Differential Evolution and Fruit Fly Optimization algorithms were utilized
respectively. It can be observed that our proposed model attains a higher correct detection rate of spam
and ham compared to other similar frameworks.
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Figure 6. A benchmark comparison with similar studies.
8. Future Endeavors

Future versions of this spam filtering system could include a comparison of a Naive Bayes
algorithm and the proposed model. The solution could be fine-tuned and optimized even further with
the inclusion of additional machine learning principles based on deep learning methods. If ps; and py,
are the approximate frequency of the word ;) in SPAM and HAM as used in Section 6.3, the probability
that word ;) would be spam can then be calculated using Naive Bayes theorem as:

(psi)
= M
P Tos+ pui)
By following the Paul Graham’s formula [39], the overall probability that a message or an email is
spam or ham can be calculated by combining the probabilities as:

_ (p1p2---pN)
pip2-..pn+ (1=p1)+ (1 =p2)...+ (1-pn)

p )
where p denotes the probability that the suspect message is spam. If this is less than the threshold, the
email is marked as ham, otherwise it is marked as spam.

9. Conclusions

Spam is a serious issue that is not just annoying to the end-users, but also financially damaging
and a security risk. Machine learning algorithms and processes have been found to be quite effective.
The work presented in this paper, based on anomaly detection systems and machine learning principles,
demonstrates that the inclusion of more databases considerably increases the correct detection rate,
from 93.14% based on one dataset to almost 98.57% after including the last dataset (Enrong). The
amalgamation of IP based filtering with a Negative Selection Algorithm in a supervised approach is a
novel approach.

We have also compared our proposed system to other systems using NSA and found that our
proposed system outperforms other applications of NSA in terms of actual spam and ham detection.
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