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Abstract: Although most business processes change over time,
contemporary process mining techniques tend to analyze these
processes as if they are in a steady state. Processes may change
suddenly or gradually. The drift may be periodic (e.g., because
of seasonal influences) or one-of-a-kind (e.g., the effects of
new legislation). For the process management, it is crucial to
discover and understand such concept drifts in processes. It
presents a generic framework and specific techniques to detect
when a process changes and to localize the parts of the process
that have changed. Different features are proposed to
characterize relationships among activities. These features are
used to discover differences between successive populations.
The approach has been implemented as a plug-in of the ProM
process mining framework and has been evaluated using both
simulated event data exhibiting controlled concept drifts and
real-life event data from a Dutch municipality.

Keywords: Gradual Drift, Resource Perspective, Nature of
Drifts, Incremental Float, Data Perspective,.

I. INTRODUCTION

Business procedures are simply intelligently related
undertakings that utilization the assets of an association to
accomplish a characterized business result. Business
procedures can be seen from various points of view, including
the control stream, information, and the asset viewpoints. In
today's dynamic commercial center, it is progressively
fundamental for ventures to streamline their procedures in
order to diminish cost and to enhance execution. Moreover,
today's clients anticipate that associations will be adaptable and
adjust to evolving circumstances. New enactments, for
example, the WABO demonstration [1] and the Sarbanes—
Oxley Act [2], compelling varieties in supply and interest,
occasional impacts, common cataclysms and catastrophes, due
date accelerations [3], et cetera, are additionally driving
associations to change their procedures. For instance,
legislative and protection associations lessen the part of cases
being checked when there is a lot of work in the pipeline. As
another illustration, in a calamity, doctor's facilities, and banks
change their working techniques. It is obvious that the
monetary achievement of an association is more subject to its
capacity to respond and adjust to changes in its working
surroundings.

Il. RELATED WORK

Information mining is the procedure of sifting so as to find

important new connections, examples and patterns a lot of

information put away in storehouses, utilizing example
acknowledgment advances and additionally factual and
numerical techniques."Data mining here and there called
information or learning revelation. Information are any
actualities, numbers, or content that can be handled by a PC.
Today, associations are gathering limitless and developing
measures of information in distinctive organizations and
diverse databases. Information mining is the procedure of
breaking down information from alternate points of view and
abridging it into valuable data the examples, affiliations, or
connections among this information can give data.
Information mining programming is one of various
explanatory devices for dissecting information. For better
choice making, the substantial archives information gathered
from distinctive assets require appropriate instrument of
removing learning from the databases. Learning disclosure in
databases (KDD), frequently called information mining,
separating data and examples from information in vast
information base. The center functionalities of information
mining are applying different systems to distinguish chunks
of data of choice making learning in collections of
information.

I1l. CHARACTERIZATION OF CHANGES IN
BUSINESS PROCESSES
In this area, we talk about the different parts of process
change. At first, we portray change points of view (control
stream, information, and asset). At that point, the distinctive
sorts of drift (sudden, continuous, repeating, occasional, and
incremental) are examined.

A. Perspectives of Change

There are three essential viewpoints in the setting of business
procedures: 1) control flow; 2) data; and 3) resource. One or a
greater amount of these points of view may change after some
time.
1. Control flow/behavioral perspective:This class of changes
manages the behavioral and basic changes in a process model.
Much the same as the outline designs in programming
building, there exist change examples catching the normal
control stream changes [9]. Control stream changes can be
ordered into operations, For instance, an association which
used to gather a charge in the wake of handling and
acknowledgment of an application can now change their
process to implement installment of that expense before
preparing an application. Here, the reordering change example
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had been connected on the installment and the application
preparing process parts. As another illustration, with the
expansion of new item offerings, a decision build is embedded
into the item improvement process of an association. In the
setting of PAISs, different control stream change examples have
been proposed. The majority of these control stream change
examples are appropriate to conventional data/work process
frameworks too. Once in a while, the control stream structure of
a process model can stay in place yet the behavioral parts of a
model change. For instance, consider a protection office that
groups claims as high or low contingent upon the sum asserted.
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Figl. Different types of drifts. x-axis: time. y-axis: process
variants. Shaded rectangles: process instances. (a) Sudden
drift. (b) Gradual drift. (c) Recurring drift. (d) Incremental
drift.

2. Data perspective: This class of changes allude to the
adjustments in the generation and utilization of information and
the impact of information on the directing of cases. For instance,
it might never again be obliged to have a specific record when
favoring a case.

3. Resource perspective: This class manages the adjustments in
assets, their parts, and authoritative structure, and their impacton
the execution of a process. For instance, there could have been a
change relating to who executes a movement. Parts may change
and individuals may change parts. As another case, certain
execution ways in a process could be empowered (impaired)
upon the accessibility (nonavailability) of assets.

B. Nature of Drifts

With the length of time for which a change is dynamic, we can
characterize changes into fleeting and perpetual. Transitory
changes are fleeting and influence just a not very many cases,
though lasting changes are determined and stay for some time
concentrate on perpetual changes as transient changes frequently
can't be found in light of lacking data. Momentary changes
compare to the idea of exceptions/clamor in information mining.
1. Sudden float: This relates to a substitution of a current
procedure M1 with another procedure M2, as indicated in Fig.
M1 stops to exist from the snippet of substitution. At the end of
the day, all cases (procedure occasions) from the moment of
substitution exude from M2. This class of floats is ordinarily
found in situations, for example, crises, emergency
circumstances, and change of law. As a sample, another
regulation by the finance service of India commands all banks to
acquire and report the customers individual record number in
their exchanges.

2. Gradual float:This alludes to the situation, as demonstrated,
where a present procedure M1 is supplantedwith another

procedure M2. Not at all like the sudden float, here both
procedures coincide for quite a while with M1 stopped bit by
bit. For instance, a store network association may present
another conveyance process. This procedure is, then again,
material just for requests taken from now on. Every single past
request still need to take after the previous conveyance
process.

3. Recurring float: This compares to the situation where an
arrangement of procedures return after some time (substituted
forward and backward), as indicated in Fig. It is very normal
to watch such a marvel with procedures having an occasional
influence. For instance, a travel organization may convey an
alternate procedure to draw in clients amid Christmas period.
The repeat of procedures may be occasional or nonperiodic. A
case of a nonperiodic repeat is the organization of a procedure
subjected to economic situations.

4. Incremental float: This alludes to the situation where a
substitution of procedure M1 with MN is done through
littlerincremental changes, as demonstrated in Fig. This class
of floats is more purported in associations receiving a light-
footed BPM technique and in procedures experiencing
successions of value enhancements (most aggregate quality
administration) activities are cases of incremental change we
focus on offline concept drift analysis (although our
techniques can easily be adapted to the online setting). In
practice, a mixture of any or all of the drifts may happen.

IV. BASIC IDEA OF DRIFT DETECTION IN EVENT
LOGS
We present the basic idea for the detection of changes by
analyzing event logs. Initially, we introduce the notations used
in this paper.

e A is the set of activities. A" is the set of all nonempty
finite sequences of activities from A.

e A process instance (i.e., case) is described as a trace over
A, i.e., a Finite sequence of activities. Examples of traces
are abcd and abbbad.

o Let t =t(1)t(2)t(3) .. .t(n) A* be atrace over A. [t| = n is
the length of the trace t. t(k) is the k™ activity in the trace
and t(i, j) is the continuous subsequence of t that starts at
positioni and ends at position j.t'= t(i,[t|)represents the
suffix of t that begins at position i .

e An event log, L, corresponds to a multiset (or bag) of
traces from A*. For example, L= [abcd, abcd, abbbad] is a
log consisting of three cases. Two cases follow trace abcd
and one case follows trace abbbad. N, N, and R, are the
set of all natural numbers, the set of all natural numbers
including zero, and the set of all positive real numbers
including zero, respectively.

We can consider an event log L as a time series of traces
(traces ordered based on the timestamp of the first event). Fig
shows such a perspective on an event log along with change
points in the sudden drift scenario. The basic premise in
handling concept drifts is that the characteristics of the traces
before the change point differ from the characteristics of the
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traces after the change point. The problem of change point
detection is then to identify the points in time where the process
has changed, if any. Change point detection involves two

primary steps:
e  capturing the characteristics of the traces;
e ldentifying when the characteristics change.

We can consider either overlapping or nonoverlapping
sliding windows when creating such sublogs.

V. EXISTING SYSTEM

The process is stable and enough example traces have been
recorded in the event log, it is possible to discover a high
quality process model that can be used for performance
analysis, compliance checking, and prediction. Unfortunately,
most processes are not in steady-state. In today's dynamic
marketplace, it is increasingly necessary for enterprises to
streamline their processes so as to reduce costs and to improve
performance.

V1. PROPOSED SYSTEM

In our proposed system, we have introduced the topic of
concept drift in process mining, i.e., analyzing process changes
based on event logs. We proposed feature sets and techniques
to effectively detect the changes in event logs and identify the
regions of change in a process.

Advantages of Proposed System:
o Heterogeneity of cases arising because of process changes
can be effectively dealt with by detecting concept drifts.
e Supporting or improving operational processes and to
obtain an accurate insight on process executions at any
instant of time.
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Fig2. System Architecture.
VII. MODULES

1. Feature extraction and selection
2. Generate populations

3. Compare populations

4. Interactive visualization

5. Analyze changes

1. Feature extraction and selection: This step pertains in
defining the characteristics of the traces in an event log. In this
paper, we have defined four features that characterize the

control-flow perspective of process instances n an event log.
Depending on the focus of analysis, we may define additional
features, e.g., if we are interested in analyzing changes in
organizational/resource perspective,we may consider features
derived from social networks as a means of characterizing the
event log. In addition to feature extraction, this step also
involves feature selection. Feature selection is important
when the number of features extracted is large.

2. Generate populations: An event log can be transformed
into a data stream based on the features selected in the
previous step. This step deals with defining the sample
populations for studying the changes in the characteristics of
traces. Different criteria/scenarios may be considered for
generating these populations from the data stream. We have
considered non-overlapping, continuous, and fixed-size
windows for defining the populations. We may also consider,
for example, non-continuous windows (there is a gap
between two populations), adaptive windows (windows can
be of different lengths),and so on, which are more appropriate
for dealing with gradual and recurring drifts.

3. Compare populations: Once the sample populations are
generated, the next step is to analyze these populations for
any change in characteristics. In this paper, we advocate the
use of statistical hypothesis tests for comparing populations.
The null hypothesis in statistical tests states that distributions
(or means, or standard deviations) of the two sample
populations are equal. Depending on desired assumptions and
the focus of analysis, different statistical tests can be used.

4. Interactive visualization: The results of comparative
studies on the populations of trace characteristics can be
intuitively presented to an analyst. For example, the
significance probabilities of the hypothesis tests can be
visualized as a drift plot. Troughs in such a drift plot signify a
change in the significance probability thereby implying a
change in the characteristics of traces.

5. Analyze changes:Visualization techniques such as the drift
plot can assist in identifying the change points. Having
identified that a change had taken place, this step deals with
techniques that assist an analyst in characterizing and
localizing the change and in discovering the change process.

VI1Il. IMPLEMENTATION

The ideas displayed in this paper have been acknowledged
as the idea drift module in the ProM6 structure. ProM is an
attachment capable environment for process mining imagined
to give a typical premise to a wide range of process mining
strategies running from importing, trading, and sifting
occasion logs (process models) to investigation and
representation of results. Over years, ProM has developed to
be the defacto standard for process mining. The idea drift
module actualizes the strides' majority in the proposed
structure and can be effectively reached out with extra
components (e.g., new elements can be effortlessly included).
The module underpins perception of the importance
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likelihood for the theory tests as a drift plot. Fig demonstrates a
drift plot from the module.

IX. RESULT AND DISCUSSION
Now, we put the ideas proposed for handling concept drifts in
practice. Initially, we illustrate the effectiveness of the proposed
approaches using a synthetic example of an insurance claim
process and later discuss the results from a real-life case study
in a large Dutch municipality.

Insurance Claim Process: This process relates to the treatment
of wellbeing protection claims in a travel office. Endless supply
of a claim, a general poll is sent to the inquirer. In parallel, an
enlisted case is delegated high or low. For low claims, two free
errands: 1) check protection and 2) check therapeutic history
should be executed. For high claims, three assignments should
be executed: 1) check protection; 2) check medicinal history;
and 3) contact specialist/healing center for confirmation. In the
event that one of the checks demonstrates that the case is not
substantial, then the case is rejected; else, it is acknowledged.

Fig. 3. Variants of an insurance claim process of a travel
agency represented in YAWL notation. Dashed rectangles:
regions of change from its previous

Three methods of notice are upheld by: 1) email; 2) phone
(fax); and 3) postal mail. The case ought to be chronicled after
advising the petitioner. This should be possible with or without
the reaction for the survey. The choice of overlooking the
survey, in any case, must be made after a warning is sent. The
case is endless supply of filing errand.

Dashed rectangles: a change has been done in the process
model regarding its past variation. The progressions can have
different reasons. For instance, in Fig.(a), the distinctive
checks for high protection cases are demonstrated utilizing a
parallel(AND) build.To enhance this process, the organization
can choose to uphold a request on these checks and continue
on checks just if the past check results are sure. At the end of
the day, the process is altered with a knockout technique [49]
received for the process piece including the distinctive checks
for high protection claims, as demonstrated in Fig3(b).

Sudden Drift Change (Point) Detection: To reproduce the
sudden float wonder, we made an occasion log L juxtaposing
As to come of 6000 follows every arrangement of the 1200
follows. The occasion log contains 15 exercises or occasion
classes (i.e., JA| = 15) and 58 783 occasions (which is the
aggregate number of occasions in the log for every one of the
follows). Given this occasion log L, our Flrst goal is to
distinguish the four change focuses relating to these five
procedure variations, as demonstrated in Fig4(a). Worldwide
elements can be connected just at the log level; to encourage
this, we have part the log into 120 sublogs utilizing a split
size of 50 follows. In this situation, the four change focuses
relating to the five procedure variations are, as indicated in
Fig.(b). We have registered the takes after RC of every one of
the 15 exercises subsequently producing a multivariate vector
of 45 components for each sublog. We have connected the
HotellingT?likelihood of the Hotelling T? test for the 10 folds
on this list of capabilities.
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Fig. 4. Event log with traces from each of the bve models
juxtaposed. Also shown are change points between models
both at the trace and subloglevels. The event log is split
into 120 sublogs, each containing 50 traces. (a) Trace level.
(b) Sub-log level.

We have considered the J measure for each sublog and for
each pair of exercises, an and b in A (b takes after an inside of
a window of length | = 10). The univariate KS and the MW
tests utilizing a populace of size w = 10 are connected on the J
measure of every action pair. Fig3(b) demonstrates the normal
noteworthiness likelihood of the KS test on all action sets,
while Fig3(c) demonstrates the same for the MW test. We can
watch that noteworthy troughs are framed at files 24, 48, 72,
and 96 which compare to the real change focuses. Not at all
like the RC highlight, the J measure highlight has the capacity
catch all the four adjustments in the models. This can be
credited to the way that the J measure utilizes the likelihood
of event of exercises and their relations. In M, , there could be
situations where every one of the methods of warning are
skipped (XOR develop). In M3 no less than one of the modes,
in any case, should be executed (OR develop). This outcomes
in a distinction in the dispersion of movement probabilities
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and their relationship probabilities, which is carefully caught by
the J measure. Our encounters demonstrated that KS test is
more hearty than the MW test. From this time forward, we
report our outcomes just utilizing the KS test.

—wl-\r-_rﬁ T —_ - r

Fig. 5. (a) Signibcance probability of Hotelling T2 test on
relation counts. Average signipcance probability (over all
activity pairs) of (b) KS test on J measure and (c) MW test
on J measure. The event log is split into sublogs of 50 traces
each. x-axis: sublog index. y-axis: signibcance probability of
the test. Troughs: change points. Vertical grid lines: the
actual (sudden) change points.

X. CONCLUSION

We have presented the point of concept drift in procedure
mining, i.e., breaking down procedure changes taking into
account occasion logs. We proposed capabilities and methods
to successfully recognize the adjustments in occasion logs and
distinguish the areas of progress in a procedure. Our beginning
results demonstrate that heterogeneity of cases emerging on
account of procedure changes can be successfully managed by
distinguishing concept drifts. When change focuses are
recognized, the occasion log can be apportioned and examined.
This is the initial phase toward managing changes in any
procedure observing and investigation endeavors. We have
considered changes just as for the control flow viewpoint
showed as sudden and continuous drifts. Along these lines, our
investigation ought to just be seen as the beginning stage for
another subfield in the process mining space and there are
bunches of difficulties that still should be tended to. Some of
these difficulties incorporate-Change-pattern specific features,
Feature selection, Holistic approaches, Recurring drifts,
Change process discovery, Sample complexity, Online (on-the-
fly) drift detection. It is very robust, outperforming other drift
handling approaches in terms of accuracy when there are false
positive drift detections. In all the experimental comparisons
we have carried out.
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