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Abstract: Different Enterprise Information Systems store relevant information about the events occurring in the enterprise. The
information stored may be of data, process, etc. and is well structured. The stored information paves the path for Process Mining. Many
approaches are suggested for Process Mining, out of which the core approach is algorithmic approach. In Process Mining, Alpha
Algorithm assumes importance as it aims at reconstructing causality, from a set of sequences of events that take place in an organization.
The paper focuses on identifying limitations of Alpha Algorithm and giving an extension to increase its functionality.
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same event log, the extension to the Alpha Algorithm will be
1. Introduction shown.

Gathering information about the processes as they take place

. . I . - . Table 1: A sample event log
(logs) is the first step to initiate business process mining which

is in to_tal contrast tc_J starj[ with a process design. This Case | Activity | Originator Start End
information can be retrieved in some form like spreadsheet or Id Id Timestamp | Timestamp
transactional logs from transactional systems like Customer Case | Activity John 9-3- 9-3-

i i i 1 A 2004:15.01 2004:15.09
Relatlpnshlp Management (CRM), Enterprise Resource & Case | Activity NG T3 T3
Planning (ERP) or Work Flow Management (WFM) systems. Cz x A s 7003%5 12 20061%5 45
While retrieving this information one important assumption ase | Activity ue o0nA1R02 | 2004198 05

i i Case | Activit Carol -3- -3-
made is that each and every_ event_s of a prO(_:ess in terms of tk_le 2 R y o0nai807 | 200416 59
occurrence of the events is available. This assumption will Case | Activity Mike 9-3- 9-3-
validate the process model for its completeness, as all the Calse Actl|3v|ty John 20%.1 £.25 20%_1? 20

1 C 2004:923 | 2004:10.22
ev.er.1ts are recorded for_that process. The goal of process Case | Activity Vike 163 e
mining is to extract information about processes from Cz x tr a s 20%-10 34 20%-11 35
. ase ctivi ue -9- -5-
transaction logs [1]. C4 X tA Y = 70%-10 35 20%11 05
i i ase ctvi onn -o- -o-
There_ are three possible methods of process dlscover_y [2_]. 5 R ty 200415 34 | 200415 47
One using neural networks, second is pure algorithmic C%se ActBnty Pete .0 012_-1 Se0 | o0 0149-_1 1
approach and third is Markovian approach. Out of the above Case | Activity Sue 10-3- 10-3-

three later two are considered as most promising. The pure
algorithmic approach, builds an FSM where states are fused

5 A 2004:13.05 2004:14.21
Case | Activity Carol 11-3- 11-3-
4 C 700141'10 12 200141'11 19

Cz%se Activity Pete

together if their future is identical. The markovian approach D 2004:10.14 | 2004:10.57
i ithmi i icti Case | Activit Sue 11-3- 11-3-
comb|n<_es alg_orlthmlc apprpach with statistical methods thus 2 C y 20041044 | 200410 50
deals with noise (in appropriate data). Case | Activity Pete 11-3- 11-3-
L : . 3 D 2004:11.03 | 2004:11.49
Here pure algorithmic approach is used to build a process Case | Activity Sue 14-3- 14-3-
hac i ; ; i 4 B 2004:11.18 | 2004:12 27
model_that describes |ts_e_lf in terms of process with orlgln_ator Case | Activity Carol 173 175
and time as an additional feature. The base algorithm 5 E 20041222 | 2004:13.41
. . ; . . . Case | Activity Carol 18-3- 18-3-
considered is Alpha Algorithm (a-algorithm). Additional five 5 D 2004:1434 | 2004:1531
i i i i Case | Activit Pete 19-3- 19-3-
steps are added to this algorithm to make it more versatile and 7 D y 200415 56 | 200416 32

helps to analyze the process in an efficient manner.
To start with process mining, the above log serves as the step
2. Process Mining using Alpha Algorithm one. There are basically three different perspective for process
mining. These are:
a) The process perspective (“How?”).
b) The organizational perspective (“Who?”)
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To illustrate the example of process mining, a sample event log
is taken into consideration as shown in table 1 below. Using the
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c) The case perspective (“What?”)

The main goal of process perspective is to focus on the
control flow of the entire process by showing the steps included
in the process in a sequential manner. The entire ordering of
the events are shown with the help of Petri Nets [3] or Event
Driven Process Chains [4].

Organizational perspective targets to the originator field
from the log table. It shows that which person is involved in
that process and how they are related. The result of this
perspective is to differentiate people in terms of the
organizational structure i.e. roles and responsibilities [5, 6, 7,
8]. This paper will show how to merge organizational
perspective with the process perspective.

The case perspective focuses on properties of the case. Cases
can be characterized by their path in the process or by the
originators working on a case. However, cases can also be
characterized by the values of the corresponding data elements.

Alpha Algorithm is one of the basic 8-step algorithm that is
used in process mining. It is aimed at reconstructing causality
from a set of sequences of events. It was first put forward by
van der Aalst, Weijters and Maruster [9].

Petri Nets [3] (also known as P/T nets) with special
properties (workflow nets) is produced as the output of this
algorithm from event logs. Any log generating business
management tool like an ERP system, etc. provides the event
logs required. The net consists of events and transitions from
events i.e. the task being performed over the events. The entire
petri net depicts the entire process as a process model that is
recorded in that log. The input for the algorithm is a workflow
log WET* and a workflow net being constructed as the output
of the algorithm, where T is the set of all the task under
consideration. The net is prepared by examining various
relationships that is observed between the tasks recorded in the
log. The relationship focused is of causality. The other
relationships derived and used are direct succession, parallel
and choice. Causality can be explained as one specific task
might always precede another specific task in every execution
trace/log. Mathematically the relations are deduced as:

o Direct succession: a > b; if and only if for some case, a
is directly followed by b.

e Causality: a -> b; if and only if for some case, a>b and
not b>a

o Parallel: a || b; if and only if for some case, a>b and
b>a

e Choice: a# b; if and only if not a>b and not b>a

The 8 steps Alpha Algorithm (a-algorithm) is stated as under
[10]:
Let W be a workflow log over T. a(W) is defined as follows.
1. Tw={teT|Jsewt € c}
Tw is a set of all tasks which occur in at least one trace.
2. Ti={teT|Jsewt= first(c) }
T, is a set of tasks which occur in trace initially
3. To={teT|Isewt=1last(o) }
To is a set of task which occur in trace terminally
4. Xw={ (AB) | ASTwA A#s A BETw A B#0 A
Vaeavbes a—wbh A Va1,a0ea al#w a2 A Vo1 noes b1#wb2}
Xw is a set of all pairs in which places are discovered.
5. Yw= { (A,B)E X I VaB)ex ACA’' ABCSB'= (A,B) =

(A"B") }
Yw is a set in which places are identified as pair of set of
task for minimal places.
6. Pw={pnp | (AB)EYw} U {iw0u}
Pw is the set that contains one place pg) for each pair in
Yw with input place iy and output place ou.
7. Fw={(ap@ap) [ (AB)EYwA a€A} U { (pag)b) |
(AB)eEYwADbeEB } U { (iwt) | teTi} U { (t,0n) | tET0}
Fw is the set defining the flow relation.
8. (X(W) = (Pw, Tw, Fw).
Here a(W) is the process model

Considering the above algorithm and applying it on the event
log from Table 1,
W = {<ABCD>?, <ACBD>?, <AED>!}
1. Tw={teT|Isewt € o}
Tw={A,B,C, D, E}

2. Ti={teT|3sewt=first(c) }
Ti={A}

3. To={teT|Isewt=last(oc) }
To = {D}

4. Xw={ (AB) | ACTwA A#o A BCTw A B#o A
Vaeavbes a—wh A Va1a0ea al#wa2 A Vi noes b1#wb2 }
Xw = {({A}.{B}), {A+.{C}). {A}{ED). ({B}{D}).
({C}{D}), {E}{D}), {A}.{B.E}), {A}{C,E}),
({B.E}{D}). {C.E}.{D}}

5 Yw= { (A,B)E X | V(a'B) € x ACA’' A BCB'=> (A,B) =
(A"B") }
Yw = {({A}{B.E}), {A}{C.E}), {B,E}{D}),
({C.E}{Dh}

6. Pw={p@p | (AB)EYw } U {iw,0n}
Pw = {Pqay.8.n: PALICED: PUBENDY: PUCENDY) Iw, Ow}

7. Fw={(@png) | (ABEYwA acA} U {(png)b) |
(AB)EYwA beEB } U { (iwt) [teT I U { (t,0n) | tETo}
Fw = {(iw{A}), {A}, peareen), (A} Pearicen),
(PaareenAB}), (Pearieen{E}), (Pearcen{Ch),
(Pearicen{ED. ({B}psenion), {E} PyeEron),
({C}.pecenon), {ELPceron), (Pesenon{D}),
(Piic.erom,{D}), ({D}, ow) }

D = O g
~OOK )( ¥
___{Z}V_.

8. (X.(W) = (Pw, Tw, Fw)
Figure 1: Process model generated from process log using
Alpha Algorithm

The process model generated using Alpha Algorithm is
shown in Figure 1 above.
This algorithm is basically of theoretical interest. Also it is
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too simple to be applicable to real life logs. However it is the
basic algorithm that discovers the process from a log and
generates a workflow to deduce the current ongoing process in
just 8 lines.

The demerits of the algorithm include its limited response
against the log that only shows the process flow. This algorithm
do not attempt to solve any of the major challenges which
includes mining hidden task (hidden processes inside a
process), mining duplicate task (due to re-entry of data in log),
mining different perspective (process, organizational and case),
dealing with noisy data (improper / corrupt data present in the
log), time constraint (using timestamp factor present in log),
mining loops, etc.

3. Proposed Methodology: Extension to the
Alpha Algorithm (o Algorithm)

The following five steps are proposed as an extension to the
original Alpha Algorithm:

9. Mw = {(Tmin, Tavg, Tmax, a) | 3; ew a€c A Tmin =
min(etime(a) - stime(a)) A Tavg = avg(etime(a) -
stime(a)) A Tmax = max(etime(a) - stime(a)) }

Mw gets the minimum (Tmin), average (Tavg) and maximum
(Tmax) time for each event(a) that is in log. etime is the end
time for an event and stime is the start time for the event.

10. Zw={(AB) | ASTwA A#e A BSTw A B£s A
Vaeares a—wh A Vaeanbe@lwb A Vpeanacab |lw a}
Zw is a set of all pairs which shows a transition in a process

11. Nw = {(Tmin, Tavg, Tmax, (A,B)) | (A,B)EZw A

Tmin = min(stime(B) - etime(A)) A

Tavg = avg(stime(B) - etime(A)) A

Tmax = max(stime(B) - etime(A))}
Nw gets the minimum (Tmin), average (Tavg) and maximum
(Tmax) time for each transition (pa,g)) between A to B that is in
log. etime is the end time for an event and stime is the start
time for the event.

12. Ow = {(0,a)| s ew aEc A o=originator(a)}
Ow gets the originator (0) who performed the event/task (a) in
the log.

13. o (W) = {a(W), Mw, Nw, Ow}
a*(W) is the new process model which extends the current o
algorithm

Final step i.e. 8" step of the Alpha Algorithm, gave the
process perspective model of the sample log from Table 1. The
inclusion of the 9™ and 11" step gives the generated process
model a new dimension of time which helps to analyse the
model in more depth and identify the issues relating to delay in
the process. This will serve as a solution to a major challenge
with this algorithm i.e. the time constraint. Now the algorithm
is using the time constraint as a major factor in determining the
time consumed by events and the transitions between the
events. After including the 12" step, the response of the
algorithm widens to organizational perspective as it shows the
originator performing the respective tasks. 10" step is a
supporting step for the 11" step which retrieves the transition
in the process model.

After applying the new steps to the event log,

9. Mw = {(Tmin, Tavg, Tmax, a) | 3,ew a€c A Tmin =
min(etime(a)-stime(a)) A Tavg = avg(etime(a)-
stime(a)) A Tmax = max(etime(a)-stime(a)) }

Mw = {(2,29.8,76,{A}), (8,46,69,{B}),
(6,48.25,67,{C}), (20,40.4,57,{D}), (79,79,79,{E}N}

10. Zw = {(A,B) | ACSTw A A0 A BETw A B#0 A Vaeav
beB a—>w D AV seavbeB allw D AV peavaes D [lw @}
Zw = {({A}r{B}), {B}{C}), {C}{D}), {A}{C}).
({Cr{B}), ({B}{D}). {A}{E}), {E}.{D}}

11. Nw = {(Tmin, Tavg, Tmax, (A,B)) | (A,B)EZw A
Tmin= min(stime(B) - etime(A)) A Tavg
=avg(stime(B) - etime(A)) A Tmax = max(stime(B) -
etime(A))}

Nw ={(0.02,1.59,3.16,({A}.{B})),
(14.03,15.74,17.45,({B},{C})),
(0.13,11.825,23.52,({C}.{D})),
(18.49,20.78,23.07,({A},{C})),
(0.59,36.09,71.59,({C}.{B})),
(0.08,61.685,123.29,({B}.{D})),
(166.01,166.01,166.01,({A}{E})),
(24.53,24.53,24.53,{E}.{D})) }

12. Ow = {(0,a)| 35 ew aEc A o=originator(a)}
Ow = {((John, Sue),{A}), ((Carol, John, Mike,
Sue),{B}),(( Carol, John, Mike, Sue),{C}), ((Pete,
Carol),{D}), ((Carol).{E})}

13. o(W) = {a(W), Mw, Nw, Ow}
After executing 13" step, some data will be included in the

petri net as generated in figure 1. The first set of data is shown
in figure 2 below:

Activityld] — Orighnatoe(s) 1ain Tiene (Min)] Avg Time (Min)] Max Time (Min)
Activity Aliohn, Sue 2 23 %6
Activity B Carol, Mike, Jobn, Sus ' an )
Activity C|jonn, Mike, Carol, Sue 6 48.25

Activity D|Pete, Caro 20 0.4 7
Activity E | Caro i) E) 9

Figure 2: Data generated from process log after using step
9(Mw) and 12(Ow) of o*algorithm

The Column “Originator(s)”, in figure 2, shows the person(s)
who performed the corresponding activity during the whole
process. This output shows the organizational perspective of a
process model.

Similarly the columns, “Min Time (Min)”?, “Avg Time
(Min)” and “Max Time (Min)”, in figure 2, shows the
minimum, average and maximum time taken by the
activity/task (here in minutes), respectively. Here the time
parameter is used to check for any delay in particular events.
The minimum, average and maximum time will give an
overview to the user about the time consumed by events in the
current process scenario.

The second set of data is shown in the figure 3 below:
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Transirion Py Thowves (B HIe) | Ovwg Thovee (I He) | iflas Thooee (in Hir)
Froem Vs

Activity A | Activity B 0.0z L= 316

L5, 74 L7. 45

Activity D | Activity © 144,00
Activity C [ Activity D o.13 11.m25 Z23.532
Activity A | Activity © Lil.45 Z20.70 Z23.07

7i.59
&1.505 123.38
({3 NF} ({-1-NeF}
2453 2453

Activity C | Activity B o559 AG.00
Activity B | Activity D OO
Activity A | Activity & 16601

Activity B | Activity D 2453

Figure 3: Data generated from process log after using step
10(Zw) and 11(Mw) of a*algorithm

The columns “Min Time (in Hr)”, “Avg Time (in Hr)”, and
“Max Time (in Hr)”, in figure 3, shows the minimum, average
and maximum time taken by the corresponding transition as
logged in the workflow log, respectively. Here the time
parameter is used to check for any delay in transition between
events. The minimum, average and maximum time will give an
overview to the user about the time consumed between the
events in the current process scenario.

4. Conclusion and Future Work

Through this paper, business process mining and
implementation of Alpha Algorithm on a simple process log
was seen. Based on the process log and Alpha Algorithm, a
process model was built which demonstrated the process
perspective with the help of Petri-Nets. Five steps were
included to the existing Alpha Algorithm to widen the scope of
model generated by including the organizational perspective
and eliminating one of the major issue i.e. using time constraint
in process mining.

As a part of future work, to give a more precise view to the
process model generated, noisy data should be removed from
the log. To achieve this an inclusion of a parameter, say EoP
(End of Process), can be made in the log to identify the
completed processes. Inclusion of this parameter will constrain
the Alpha Algorithm to fetch minimum data from log which
will result in the accurate modelling of the process. This will
enhance the organizational perspective of the model generated.
Also the time parameter can be expanded to get time of each
workflow log individually.
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