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Abstract

One of the most powerful internet communicationretes is email. As employees and their clients
communicate primarily via email, much crucial besia data is conveyed via email content. Where
businesses are understandably concerned, theyarsmthisticated workflow management system to
manage their transactions. A workflow managemestesy should also be able to classify any
incoming emails into suitable categories. Previmsearch has implemented a system to categorize
emails based on the words found in email messdyes.parameters affected the accuracy of the
program, namely the number of words in a databaswared with sample emails, and an acceptable
percentage for classifying emails. As the volumermhil has become larger and more sophisticated,
this research classifies email messages into adagmber of categories and changes a parameter tha
affects the accuracy of the program. The first peter, namely the number of words in a database
compared with sample emails, remains unchangede e second parameter is changed from an
acceptable percentage to the number of matchindsv@he empirical results suggest that the number
of words in a database compared with sample ensild, and the number of matching words to
categorize emails is 7. When these settings arkedpip categorize 12,465 emails, the accuracy of
this experiment is approximately 65.3¥he optimal number of words that yields high accutavels

lies between 11 and 13, while the number of matciiards lies between 6 and 8.
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1. Introduction

Information and communication technology has beevetbped significantly in recent years. The
technology eliminates the wall of distance and emt®people more closely than ever. The technology
also supports many businesses to gain competitvergages. Owing to this technology, large
numbers of organizations are able to operate husiness at lower costs and with a higher competiti
advantage. As a result, many organizations attéon@tquire this on-time and accurate information.
One of the most powerful tools in business is emallich is a fundamental and indispensable

communication channel for every organization inr@dern age.

In recent decades, the number of startup compémigsncreased dramatically. Two of the authors
have participated in three start-up companieseéltd the import/export sector. These new start-ups
established their own businesses by separatingstiiges from their former companies. After the
initial study, it was found that startup companiemeded to manage a large number of daily
documents/emails because startup businesses @nhtheir customers and employees primarily via
email. The employees also used these emails, wiech stored in the mail server, as a database. For
example, when employees wanted to find specifi@,datails were the first place for seeking

information.

In the first stage of starting their businesses,thmber of emails was not large. However, when the
scale of business expanded, the number of emailsdaeed. The business owners needed applications
to manage their company activities, a problemdcbatd be solved primarily by software applications,
such as the workflow management system. Howevergabt of this software is rather high, and may
not be appropriate for startup companies, so thetnative approaches to solve the problem were

needed.

For the initial investigation, 12,465 of emails weaelected from the three startup companies because
they were written in English. As the employees hie tselected companies wrote emails in two
languages, namely English and Thai, only emails were written in English were taken into
consideration as the sentences in English arerdasseparate into words than corresponding emails

in Thai. By investigating some of these emails, sdmywords specified the type of work, such as



sales, transportation, billing, or shipping, whican be used as initial guidelines to conduct the

classification models.

The purpose of this paper is to define the categaf email and extract business data for a wonkflo

management system.

The remainder of the paper is as follows. Sectigma¥ides a literature review, Section 3 describes
the materials and methods, Section 4 presentsataeahalysis, Section 5 illustrates the results and

discussion, and Section 6 provides some concluchngments.

2. Literature Review

There is much research that mentions the clustemwclassification of email content, and many
objectives to conduct research for email clasdificaproblem, such as: distinguishing between
personal and machine-generated email [1]; clasgifgmails for contact centers [2]; classifying dmai
for automated service handling [3]; and classify@émgails for social network analysis [4]. As regards
classification techniques, there are also many austlapplied to email classification, such as mining
based approaches [5], supervised learning algasifein co-training technique [7,8], co-training it

a Single Natural Feature Set [9], and regressiaedbapproaches [10].

One of the interesting topics is by Alsmadia antiakhib [11]. The authors illustrate that the best
algorithm to perform email clustering and classifion is NGram. Their sets of emails were in the
form of a large text collection, which fits withetNGram algorithm, and the algorithm best fitshihe
language text. They conducted an experiment baseanails in both English and Arabic. The major
challenge of their future work was that email ses\ar applications should include different typés o
pre-defined folders. The general pre-defined fadmuld be mailbox, sent, or trash, among others.
Moreover, email servers or applications could allesers to add new folders for specific purposes,

based on their NGram algorithm.

Further research on email classification is by Kstal soumakas, and Vlahavas [12]. They state that
Machine Learning and Data Mining could be usedatstto automate email managing tasks, which
could be far superior to other conventional sohgioThey discuss the particularity of email content

and what special treatment it requires. In addjtibrere are some interesting email mining



applications, like mail categorization, summariaatiautomatic answering, and spam filtering. Irirthe
experiments, they created an application to chassifiail based on several techniques, such as the

Naive Bayes Classifier and Support Vector Machines.

Ayodele, Khusainov, and Ndzi [13] present the desigd implementation of a system to group, and
summarize email messages. Their system considersuibject and content of email messages to
classify emails based on user activities, and gresisummaries of each incoming message with an
unsupervised learning approach. They claim that fremework could solve the problems of email
overload, congestion, difficulties in prioritizingnd difficulties in finding previously archived

messages in the email server.

Another interesting topic is email grouping and suwamization. Ayodele, Zhou, and Khusainov [14]
present the design and implementation of an agfitéo categorize and summarize email content.
Their system extracts the subject and content ddilemessages for classification based on user
activities to auto-generate a summary of each imegmessage. They state that their framework could
solve problems such as email overload, difficultiesprioritizing, and email congestion. Their

framework also performs successful processing wfineoming messages.

Another interesting concept is automated emailvagtmanagement, as in Kushmerick and Lau [15],
who develop email applications that provide higielesupport for structured activities in e-commerce
They define formal activities as finite-state austa) which correspond to the status of the process,
and where transitions represent messages sent dyetparticipants. They propose several

unsupervised machine learning algorithms, and ewala collection of e-commerce emails.

Schuff, Turetken, D'Arcy, and Croson [16] also dssemail classification. They implement effective
e-mail management tools, which treat messagesedisl isformation. This tool could economize on
scarce cognitive resources at the expense ofvelatheap additional CPU power, disk capacity, and
network bandwidth. In addition, they claim that ithapplication provides automatic filtering,
clustering, and a new user interface. Their systemploys a large number of emails as an effective

knowledge management tool, rather than as a safiioéormation overload.

Email classification is discussed in Prexawantprasa Chaipornkaew [17]. The research classifies

email into four categories, namely sales, shippbilling, and transportation. Two parameters are



applied for the classification system, namely thenher of words in a database compared with the
sample emails, and an acceptable percentage tsifgl@nails. The accuracy of classification is

determined to be approximately 73.6%.

Chaipornkaew, Prexawanprasut, and McAleer [18]udisemail extraction for workflow management
system. In order to extract data, there are foiteré which are applied. Fifteen cases of altémeat
criteria to extract data are analyzed. The resshisw that when criteria numbers 2 and 4 are
considered, email extraction accuracy is at thadsglevel. However, when the highest accuracy leve
occurs, the number of blanks fields is also higbca@kding to user requirements, the number of blank
fields should be at a low level. Therefore, thegraguggests that all four criteria should be carsid

to provide both an acceptable percentage of blehitsfand also accuracy level.

3. Materialsand Methods

The paper is planned in two phases, as shown ur&if). First, 1260 emails are selected randomly
from the server to be used as training data fosyistem. These emails are then classified manually
by employees into seven categories, namely (1)sS&® Agent, (3) Shipping, (4) Customs, (5)
Billing, (6) Packing and Moving, and (7) Insuran€&e sentences in emails are separated into words,
which are counted, as shown in Figure 2. Thesdtsesre stored in the database, which is applied fo

email classification rules.

In order to test the defining rules, a further 85 4mails are selected from the server. When these
rules are accepted, the rest of the emails in #mees are processed by the program. After the
classification is processed, all emails are assignesuitable categories, and then all the data are

prepared for the second phase of the email claasifin system.

The second phase is to extract the classified emallich are processed from the first phase. As in
investigating the selected emails, there are kegragdteristics which can be represented as
relationships. For example, the document numbeddctye a key characteristic to define the
relationships among the email messages. The profranreorders emails based on time in each
category, then extracts data based on their claistats. The final stage is to create a workflow

management system from the extracted data.



4. Data Analysis

The first stage is to export all emails from theadrserver and format them in a text file, whiclihien
imported to the program. The program first separaterds in a text file. As the selected emailsiare
English, the algorithm to separate the words isideeof spaces. The words from the separation gsoce
are counted and stored in a database. The datatmes all results which are all words, and their

frequencies as shown in Table 1.

The research classifies 12,465 emails into sevigodes, namely (1) Sales, (2) Agent, (3) Shipping
(4) Customs, (5) Billing, (6) Packing and Movingda(7) Insurance. The mechanism is implemented
based on the words found in emails compared wihatbrds in the database for each category. Two
parameters are considered in this experiment. Tee garameter is the number of words in the
database. For example, in order to gain greatarracg in the classification, we need to determine
whether the first 3 or 5 words in the database lshimeiconsidered. The second parameter is the nrumbe

of matching words that provides the highest acgutadetermine the category of email.

According to the data in Table 2, some email cowdtibe classified because the number of matching
words is less than the specified criteria. In #tase, the second criterion is the first 5 words in
database. In order to obtain better results, ttveseriteria may need to be refined. As shown ibléa

3, the first 10 words in a database are considastdad of the first 5 words.

The number of matching words is set at 5 in Tablari?l set at 4 in Table 3. As a result, only two
groups of output in Tables 2 and 3 are the same fif$t difference is the No. 2 group of emails. In
Table 2, Email No. 2 could be either Sales or Ragkind Moving, but it is concluded to be Packing
and Moving group in Table 3. The second differeisdbe No. 3 group of emails, which could not be
grouped in Table 2, but could be defined as Agertable 3.The third difference is the No. 5 group

of emails, which is defined as Insurance group a@bl& 2, while in Table 3 it is concluded to be
Shipping.

The empirical data from both Tables 2 and 3 demmatesthat are two main factors that affect the
grouping results. The first factor is the numbemairds in the database to be considered, while the

second factor is the number of matching words. @toee, another 12,465 emails are collected to test



the program by changing the criteria for these faators, with the empirical results shown in Figure
3.

5. Results and Discussion

The results shown in Figure 3 illustrate that tbeusacy levels change when the number of words in
the database and the number of matching words ehdihg purpose of the paper is to discover suitable
parameter values, namely: (1) the number or wardse database to be considered; and (2) the number
of matching words. The number of words in a datalta¥e considered is adjusted from 5 to 20, while

the number of matching words are adjusted from 20to

According to the results in Figure 3, the highestumacy level of email classification occurs whiea t
number of words in a database is 11 and the nunfbeatching words is 7. Therefore, these criteria
are applied in the program. The program then diasgsihe other 12,465 emails into seven groups,
namely: (1) Sales, (2) Agent, (3) Shipping, (4) ©uoss, (5) Billing, (6) Packing and Moving, and (7)
Insurance, as shown in Table 4.

According to Table 4, the program could not catemgoall the emails because some emails do not
meet the acceptable criteria. The program is abliefine only 9,972 emails from a total of 12,465

emails, which represents 80% of the total. Theee2a493 emails which could not be categorized in
the experiment. In order to improve the progranicefficy, other factors could be concerned. One
possible factor could be the importance level atheaord (the weight of each word) in a database.
For example, words that are found most frequemtlgrnails should be placed at a higher level of

importance than those that are found less frequentl

When the first phase is completed, all emails keady classified into groups (Sales, Agent, Shigpi
Customs, Billing, Packing and Moving, and Insurgn€ée next phase is to analyze the characteristics
of the emails. Key characteristics are definedrhpleyees. The program collects these charactesjstic
which are applied for data extraction. The prograorders the events based on time in each category,

as shown in Figure 4.

The last stage is to extract the specified datadas their characteristics. As the characteristics

data are in many forms, the extracted data can sapgtantially. One example of data which are



extracted based on Document Number (FWOO0018) mshio Figure 5. According to the results, all
the details concerned with Document Number (FWOD@t8 well summarized. The data that are

extracted will be stored in a database, whichbélimplemented for a workflow management system.

6. Conclusion

According to the experiments, the accuracy levekwhail classification depends on two factors,
namely the number of words to be considered inabdese, and the number of matching words. After
testing the program with different values for thaege factors, the results show that the optimaligal
for the number of words in a database is 11, wthilenumber of matching words is 7. The results also
illustrate that high accuracy levels fall in thega of the number of words lying between 11 and 13,

while the range of the number of matching words between 6 and 8.

As mentioned earlier, the experiments select aflismm English, so some words need to be neglected
Examples of words which should not be consideredard’, ‘not’, ‘thanks’, ‘regards’, and ‘please’.

As these words could be found in most emails, gteyuld not be included in the program. As these
words could not be used as criteria to classifyie@anore sophisticated program should be develope

to ignore these words before processing the erasbifications.

In investigating email content, there are speaiards that should not be used as criteria in emalil
classification. Examples of these words are FREIGINKS, STARSHIP, and HERMESINT'L. As
these words are actual customer names, they sheuldfined as customer names in the database, and
are excluded from the criteria for email classtfiga in the first phase. However, these specifimda
are the key characteristics for the second phatigeeaesearch. The data with their characteristies

applied to extract data, which are used for thekilmv management system.

The generalized email classification system forkflow analysis has been shown to work well in the

experiments, with a high degree of accuracy.
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about Above  according acknowledge adding  advise  after again ahead

Sales 4 1 2 3 1 1 0 0 2
Agent 3 0 2 2 1 1 0 0 3
Shipping 1 2 1 3 2 5 1 0 4
Customs 0 0 2 1 4 2 0 1 1
Billing 2 0 1 1 2 1 1 0 2
Packing and Moving 2 3 2 1 1 2 0 1 2
Insurance 1 0 1 0 2 3 1 0 1

all already and any anytime apply around arrange Arrival  attached
Sales 2 1 2 1 2 i 3 1 5 ]
Agent 1 3 1 o 5 2 1 1 1 7]
Shipping 2 2 1 0 1 2 2 0 1 2
Customs 1 2 ] 1 3 3 2 ] 3 7
Billing 0 1 0 2 2 4 2 6 2 5
Packing and Moving 3 0 1 3 1 4 4 2 4 4
Insurance 2 1 2 1 2 1 1 7 1 3

Figure2

Example of Resultsfrom the Word Separation Process
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MailNo 4584 anonymous@anonymous - date time of sending
As per the shipper the goods are ready ; here is rate for august departure
ETD 08/06 ( cl 07/31) on Toledo triumph ETA 09/13

ETD 08/13 ( cl 07/31) on Thalassa triumph ETA 09/20

QUOTE REFERENCE

Terms Exw

Port of loading ANTWERPEN

Port of discharge BANGKOK - klong toey terminal

Pick up place SAINGHAIN

Shipping line EVERGREEN

Transit time 41 days via Kaohsiung

Frequency Weekly

Equipment 40' hc

Commodity General cargo

Dangerous goodsyes

Validity 31/08/17

MailNo 4585 - anonymous@anonymous - date time of sending
Thank you for you reponse.

Im waiting you reply with me.

Sincerely your,

MailNo 4593 - anonymous@anonymous - date time of sending
Good day to you. i am checking all details and come back to you quickly
Kind regards

MailNo 4596 - anonymous@anonymous - date time of sending

Good day.

Kindly you contact with shipper for arrance shipment & reques rate ex-work with me.
I looking forward kind to you reply soon.

Thank Best Regard,

MailNo 4599 - anonymous@anonymous - date time of sending

We are pleased to confirm you that your order is ready for collection. Please check with your forwarder to proceed as
follows:

Pick-up Ref: 171055143

Quantity : 19 pallets 120x80x115 cms

Gross weight : 8948 kgs

Hazardous products

Incoterm : ExWorks Sainghin-en-M?lantois

Pick-up address :

LABORATOIRES ANIOS

3330 Rue de Lille

59262 Sainghin-en-M?lantois

FRANCE

QOpening hours: 8h00-18h00 (17h on Fridays)

Please find enclosed copy of invoice & DGD.

We thank you to book with me for collection date.

According to European Regulation N?649/2012, any substance or mixture containing didecyldimethylammonium
chlorure (DDAC), with quantities equal or superior to 0,25%, must be submitted to exportation notification procedure
of the importer country (excluding UE28 and some DOM-TOM) starting 01/12/2014.

As a consequence, a RIN Number will be added to our invoices for each concerned product. This Number is intended
to Customs for verification of the procedure application and must appear on EX A.

Best regards,

MailNo 4620 - anonymous@anonymous - date time of sending
Thanks for this new order.

Please find enclosed our confirmation order,

Wish you a good receipt,

Best regards,

Figure4
Program Results after Grouping, Event Ordering,

and Inclusion of Email Char acteristics
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Related issues from mail number 4281,4292,4297,4320....

Document Number 1 : FW00013-00008
Document Number 2 : FW00018-00017

Document Number 3 : FW00018-00019
add related documents

Icon Global Logistics / HO20-1600078
add related participants

Shipper : CHIEF

Consignee; POP MEDIC

PO No : MKC 01-2017
Volume : 46 cartons [ 549.8 kg / 4.

Vessel/voy : MNORDOCELOT V-201Q
Consignee:  3days

Closing date : 17/07/14

ETD: 17/07/18

ETA: 17/07/25
add related events

Remark Subjectto local charge both of side
add related remarks

Figure5b
Example of Extracted Data from Phase 2, Based on Document Number
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Tablel

Top 15Wordsin Emailsin 7 Categories

Sales Agent Shipping Customs
Word Frequency Word Frequency Word Frequency Word Frequency
agent 112 #NAME of CUS 188 shipment 167 tax 109
volume 91 arrange 165 scheduled 112 standard 87
#NAME of CUS 88 ETA 150 ETA 102 customs 74
product 72 delivery 112 #Date format 89 clear 52
shipment 60 #NAME of CITY 94 ship 82 #Date format 34
#NAME of CITY 58 import 86 D/O 80 scheduled 42
process 55 items 81 shipper 65 #NAME of port 38
confirm 52 #NAME of PORT 75 #NAME of CUS 55 shipnben 33
week 48 warehouse 53 #NAME of CITY 42 departed 28
#Date format 31 service 50 confirm 40 #NAME of PORT 25
D/O 28 update 48 HBL 35 fare 23
packing list 25 port 39 BL 32 transaction 22
#NAME of PORT 22 shipping 31 port 21 notification 81
attach 18 scheduled 21 #NAME of PORT 19 standard 16
request 16 #Date format 12 request 17 arrived 15
Billing Packing and M oving Insurance
Word Frequency Word Frequency Word Freguency
consignee 125 loading 108 policy 78
shipper 111 destination 75 dividend 62
document 94 package 71 product 55
revise 89 carrier 60 fair 53
#NAME of CUS 84 loader 65 #NAME of CUS 42
scheduled 74 #Date format 55 accident 41
departed 62 co-loader 48 rate 28
service 50 departed 40 title 24
#Date format 48 ETD 34 revenue 22
arrived 42 arrived 33 package 22
#NAME of PORT 38 scheduled 33 #Date format 21
shipment 31 #NAME of PORT 32 arrived 13
notice 25 shipment 28 departed 13
booking 22 worker 24 loss 11
approval 18 condition 15 value 10

15



Table2
Grouping Results Based on Top 5 Words and 5 Acceptable Number of Matching Words

Number of Matching Words

No. of Packing .
] Grouping result
Emails Sales Agent  Shipping Customs  Billing and I nsurance
Moving
1 5 3 0 2 1 1 0 Sales
2 5 0 4 1 1 5 1 Sales or Packing and Moving
3 0 0 1 2 0 1 2 Uncategorized
4 1 0 2 3 5 0 0 Billing
5 1 0 4 0 3 2 5 Insurance

Note: In the case of email no. 2, it falls into eithel&s or Packing and Moving category. The reseavaldc
not conclude whether it should be in the Salesamkirg and Moving group. This issue should be fitatiin
future research.

16



Table3
Grouping Results Based on Top 10 Words and 4 Acceptable Number of Matching Words

Number of Matching Words

No. of ]
) Packing Grouping result
Emails Sales Agent  Shipping Customs  Billing and | nsurance
M oving

1 6 2 4 2 1 1 0 Sales

2 4 0 2 1 1 5 1 Packing and Moving

3 0 4 1 2 0 1 3 Agent

4 1 0 4 4 7 0 0 Billing

5 1 4 8 0 3 2 1 Shipping

17



Table4

Number of Emailsin Each Category

Sales

Agent

o . Packing and
Shipping Customs Billing )
Moving

Insurance

Unclassified Total

1,994

1,623

1,246 1,121 1,371 1,745

872

2,493 12,465
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