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Abstract

Companies that use robotic process automation very often deal with the problem of selecting a suitable
process for automation. Manual selection of a suitable process is very time-consuming. Therefore, part
of the process mining field specializes in selecting suitable processes for automation based on process
data. This work deals with the possibility of improving the existing method for finding suitable
candidates for automation. To improve the current approach, we remove the limiting restrictions of
the current method and use another FURIA rule-learning algorithm for rule detection. We use three
different datasets and the WEKA platform to validate the results. The results show that FURIA and the
removal of strictly deterministic rules as restrictions turned out to be a competitive approach to the
original one. On data presented in this study, the selected approach detected more candidates for
automation and with higher accuracy. This study implies that FURIA and not using a strictly
deterministic process is an appropriate procedure with certain use cases as other procedures
mentioned in this study.
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1 Introduction

Today, many organizations are trying to minimize costs and eliminate the increasing number of
administrative tasks. Some tasks need to be performed, for example, for legislative reasons or because
they are essential for the organization's operation. Routine and administrative tasks can be automated
using current technologies, such as connecting applications via APIs or robotic process automation (RPA)
technology. RPA robots are able to perform routine activities just like a computer user. RPA technology
has been gaining a lot of attention lately. However, RPA technology also has its limits, and one of the
problems is selecting a suitable activity or process to automate so-called task mining (Syed et al., 2020).

Task mining is a sub-area of process mining that focuses on finding suitable processes and tasks for
automation. A comparison of task-mining approaches is presented in Table 1, where the procedures used,
the data used and the authors of the work are described. Most authors use Ul logs to select candidates for
automation.

This research is based on the work of Bosco et al. (2019) and subsequently builds on his work. In this
research, another approach will be introduced and tested that may bring better results and thus improve
the current algorithm of Bosco et al. (2019).

Bosco et al. (2019) seek to discover deterministic processes for automation by comparing Ul logs with
previous logs and also by using machine learning algorithms such as RIPPER by Cohen (1995) and
FOOFAH by Jin & Anderson (2017). Working with deterministic processes, which are 100% able to
determine whether activities are automated, significantly narrows potential candidates for automation.
In the research, we adjust this assumption in connection with other scientists' knowledge and practical
knowledge. By not using strictly deterministic rules, we will expand the circle of potential candidates for
automation. We also test the accuracy of the rules obtained by the FURIA rule-learning algorithm (RLA)
compared to the rules obtained from the RLA RIPPER. FURIA is a newer algorithm than RIPPER. Both
these algorithms fall into the category of RLA algorithms (Hiihn & Hiillermeier, 2010). FURIA uses fuzzy
logic to search for rules in the data, which is why its use appears to be a better RLA than RIPPER.

This article aims to test the possibility of using not strictly deterministic rules to identify candidates for
automation and to compare the FURIA algorithm with RIPPER.

Table 1. Comparison of task mining approaches.

Are the
selected
T f le wh
Approach ype (,) C!ata/e‘zxamp € WHET® | candidates Authors
the principle is used .
strictly
deterministic?
Use strictly deterministic rules. Use | Ul logs —Try to find rules for | Yes (Leno et al.,
FOOFAH algorithm to discover transforming data between 2021a)
rules (Jin & Anderson, 2017). Excel tables.
Try to find formula in data with Ul logs — Move data from No (Agostinelli et
most similarity and based on that. Excel spreadsheet to web al., 2020)
Generate routines for automation. form.
Use PM4PY and a-priori.
Present a method of selecting Ul logs — Download data No (Choi et al,,
suitable candidates for automation | from ERP to Excel and 2021)
based on process visualization and | perform data transformation
presented patterns. in Excel.
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Are the

selected
Approach Type (,)f c!ata/?xample where candidates Authors

the principle is used .

strictly

deterministic?
Present methods for evaluating Process logs (not exactly No (Viehhauser &
candidates for automation based on | specified) — Tested on nine Doerr, 2021)
selected factors, which are different examples.
evaluated using marks. Resulting
marks serve as suitability
evaluation factor.
Discover routines and sequences Ul logs — Rewriting input Yes (Bosco et al.,
that are strictly deterministic, use data from study department 2019)
RIPPER, FOOFAH algorithms. into web form and Excel.
Select and discover routines based | Ul logs — example based on Yes (Leno et al.,
on the CloFast algorithm (Fumarola | data from web form and 2021b)
et al., 2016). Use the algorithm to Excel spreadsheet.
find similar sequences that meet a
certain threshold. The sequence is
then evaluated based on specific
criteria.
Using Al to process so-called NPL | Process logs— 47 different No (Leopold et al.,
based on text inputs predicts processes from 10 different 2018)
whether activity is automatable. sources

1.1 Bosco’s approach

As mentioned in the Introduction, this research extends the work of Bosco et al. (2019) and describes the
approach they use in more detail. Their approach is described in Figure 1. In the first phase, they sorted
Ul logs from the process. They then detected flat-polygons from the UI logs using the Deterministic
Acyclic Finite State Automaton (DAFSA) method — which maps all process paths that are in the process.
The output from the flat-polygon detection can be seen in Figure 2. After finding all process paths, it is
detected whether the given action is automatable, including all the parameters of the given action. Each
action has multiple parameters (at least one) depending on the user activity and the application used.
From the authors' point of view, the action is automatable if all parameters can be determined in each of
its cases, in which case we can consider the action deterministic. They use three approaches to find out
the parameters. The first approach is based on repeating the parameters of the action during the process.
This means that the action parameter is always the same in all cases. For more complex cases that cannot
be determined by the first procedure, the authors use two algorithms. The one to find rules in the data is
called RIPPER. The second algorithm is called FOOFAH and is used to find rules for data transformation.
It is used mainly in connection with spreadsheets.

UIL

Routine

Flat-Polygons
Spec.

Automatable Actions Routine Specifications
— — —
Detection

Detection Detection

Figure 1. Bosco’s approach to discover automatable routines. Source: Bosco et al. (2019).
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The fourth part of the procedure is to add information to the actions and obtain additional information to
specify the candidate's routine. In the fourth part of the algorithm, the actions are combined into
consecutive routines. Rules are then searched for these routines. They use the RIPPER algorithm to search
for rules. If RIPPER does not find the rule, it creates a trivial condition by shortening the routine by the
first action, which will then be the trigger in this case.

glick 'F:!IIIahaTemt Eress Click Button  Fill the Text  Fill the Text gllck gllck Click
—, Button ., Fiel s ey I in Row _ ~ Field ¢~ Field e utten -, Butten . Button
(_/J . S/ ' \_) ™. ) . S ’ p ’ A \i./ -
Open |
Save
ile File
=, Copy >, Paste
Q =/ =/

Figure 2. Working example in Bosco's article. Source: Bosco et al. (2019).

1.1.1 Bosco’s working example

An example in which Bosco et al. (2019) test their approach can be seen in Figure 2, which is based on the
process of the Department of Studies at the University of Melbourne, where study department staff
update student information. The first part (blue) is always the same: the student comes to the study
department, the student confirms his information, and the staff feeds the information to the system.
Subsequently, if the student is Australian, he/she will confirm his/her address, which the study
department backs up in Excel (green variant). If he/she is of a different nationality, the staff will check the
foreign student option in the information system (orange variant). The last part (red) of the process is just
finishing the completion by clicking a button.

1.2 Approach

As indicated in the Introduction, the approach of Bosco et al. (2019) is based on strictly deterministic rules.
According to its interpretation, it is possible to automate a given activity only in the case of a strictly
deterministic process. Candidates in Bosco et al. (2019) are selected based on these criteria. However, this
approach severely limits the selection of potential candidates for automation, especially if the rules have
to be discovered by an algorithm, because in many cases, as shown by interviews with RPA experts and
even scientific articles in this field, RPA robots often work with applications that act as a "black box". This
means that application users do not know the rules by which the application generates results. This is
typical of legacy systems, which are very often automated using RPA. Another reason why we will not
use only strictly deterministic rules in our approach is because quite often, only certain parts of the process
are automated, and the rest of the process is taken care of by a person. In the RPA industry, processes that
are not automated throughout the process are commonly used, and so-called attended RPA robots are
used, where a human assists the RPA robot. There are several scenarios and ways in which this
collaboration takes place: for example, a person performs a part of a process, and then the robot completes
the activities; another possibility is that the robot cannot process, mark and continue, or the robot falls
into an exception if it cannot meet the case. A person will then complete notable cases and cases that ended
with an exception (Leno et al., 2021; Soeny et al., 2021; Syed et al., 2020).

Using the above example from Bosco et al. (2019), it is possible to show how limiting the use of strictly
deterministic processes is. An example can be shown in parameter 30, which is in Table 2. Parameter 30
has the values Australia or country with a random number. The rule discovered by the RIPPER algorithm
is rewritten into pseudocode for a better understanding, the original rule can be found in Appendix A.
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If Parameter 8 == ID1103
Parameter 30 = Countryb
Else:
Parameter 30 = Australia
The RIPPER algorithm was able to use this rule to determine approximately 50% of cases correctly. It can
be assumed from that that 50% of all cases can be automated, although in this case, the rule found by
RIPPER is not appropriate as this 50% determination is very random. The FURIA algorithm generated

better rules. The original rule can be found in Appendix A, as the rule has been rewritten into pseudocode.
The accuracy of the FURIA algorithm rules is 50%.

If parameter36 == C:/Customers/Australia/

Parameter30 = Australia

If Parameter8 == ID1103
Parameter30 = Countryb
If Parameter8 == ID396

Parameter30 = Countryl40

These examples show that strictly deterministic rules that satisfy the condition of confidence ==1.0
from Bosco et al. (2019) are restrictive. This is mainly why some approaches in Table 1 do not use strictly
deterministic rules to select suitable candidates. For the approach used by Bosco et al. (2019), the circle of
candidates could simply be extended by changing the condition to, for example, confidence == 0.5.
The value of confidence will vary depending on the industry, the number of cases, the overall profitability
and other benefits that automation can bring (Aguirre & Rodriguez, 2017; Syed et al., 2020; van der Aalst
et al., 2018).

In our approach, we will expand the circle of potential candidates for automation with candidates that are
not strictly deterministic, as we assume that at least a part of the process can be automated, even if we do
not know the rules that would satisfy 100% of cases.

2 Methodology

This research, as mentioned above, follows the procedures of Bosco et al. (2019), where different methods
are used to determine whether the current approach can be improved. In this research, we focus on only
a part of the process from Bosco et al. (2019), specifically on the key part of the whole approach, namely
the detection of automation actions described in 1.1 above. This part is crucial due to the fact that many
actions are determined to be non-automated due to failure to find rules for 100% determination of the
parameters of the action. For this research, we will remove this limitation, because it follows from the
literature search and communication with RPA specialists that many processes are only partially
automated and only for some cases. In this research, we work on the assumption that actions whose
parameters cannot be 100% determined will continue to be considered automated because RIPPER or
another RLA algorithm can correctly determine some parameters, for example, in 50% of cases.

This research will test the RLA FURIA algorithm on the example and data mentioned in 1.1 above. The
research aims to compare whether RLA FURIA is better than RLA RIPPER.

Research question:
Is the FURIA algorithm better than RIPPER when searching for rules in Ul logs?

To answer this question, we will use the Ul logs log6.mxIm and log6.mxIm from Bosco et al. (2019) and
the Ul logs presented in 2.1 below. Log6.mxIlm was chosen because it represents Bosco’s real example of
the process. Log9.mxlm was selected because of the highest complexity and highest number of records.
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For comparison of FURIA and RIPPER, we used the WEKA platform. The WEKA (Waikato Environment
for Knowledge Analysis) platform version 3.8.5, installed on a Windows 10 computer, was used to
calculate and search for rules. The WEKA platform integrates the RLA algorithms RIPPER (jRip) and
FURIA. The basic settings in the WEKA program are used to determine the rules.

The data! in log6.mxIm were converted to CSV format using a custom program. The data and the program
can be found in the repository under the name logé6.csv and main.py. An example of transformed data
named log6.csv is in Table 2 as transformed data. The second line of Table 2 is not included in the testing
dataset. The row helps understand the transformation. The original MXML data format is the XML
version. A variation of the XML format called XES is widely used in the process mining field. The XES
format is a process mining standard based on IEEE standards. XES is suitable for transmitting event logs,
because they faithfully capture reality. XES also supports most process mining tools (Narayana et al.,
2020). Although MXML and XES are XML formats, the XML format is often not suitable for further
analysis and therefore, process-mining tools offer XML and XES to CSV transformations. The conversion
of MXML to CSV was performed as follows.

The MXML log is made up of an AuditTrailEntry, which is then made up of the <Data> tag and other
components behind the </Data> tag. For our research, we were mainly interested in the values within the
<Data> and </Data> tags. We used the attribute name value in the abstract as the column name (second
row of Table 2) and the value inside the attribute tag as the value for that column. Each additional action
data item in the AuditTrailEntry for the related process record is sorted in the following column. Each
line indicates one process record, which consists of multiple actions. Throughout the research, this
format/approach is used. Each column is marked as a parameter with the number of that column. The
attribute name values are not used because they do not carry key information, and essential data are used
for our research. For example, in the DISCO process-mining tool, automated XES to CSV conversion uses

non

the attribute name value and the tag value. It joins them together using the ":" character. So the values of

the first three values would look like this:

Label:valuel, Value:value336, source:Web,

MXML format example:

<AuditTrailEntry>
<Data>
<attribute name="Label">valuel</attribute>
<attribute name="Value">value336</attribute>
<attribute name="source">Web</attribute>
<attribute name="lifecycle:transition">complete</attribute>
<attribute name="concept:name">insertValue</attribute>
<attribute name="time:timestamp">2019-03-05T11:42:31.306+11:00</attribute>
</Data>
<WorkflowModelElement>insertValue</WorkflowModelElement>
<EventType>complete</EventType>
<timestamp>2019-03-05T11:42:31.306+11:00</timestamp>
</AuditTrailEntry>

Parameter 36 will be tested for log6.csv data, as this parameter is the only rule that was discovered by the
original algorithm. In addition, parameters that do not contain a timestamp or do not have identical values
in the entire column will be tested. The last criterion is that the column must contain values in all rows,
because for these results, these remaining parameters would be uniquely determined to be 100% except
for the value of the timestamp and parameter 51. All the tested parameters are in Table 4.

1 The data can be downloaded from: https://github.com/Scherifow/SGS-Task-Mining
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Table 2. Sample data — log6.csv. Source: data transformed into CSV by Bosco et al. (2019).

Parameter 28 | Parameter Parameter 30 | Parameter 31 | Parameter
29 36

Action type | Timestamp Value Label Path

insertValue | 2019-03- Country169 | country UnbindFile
05T11:48:53.780+11:00

insertValue | 2019-03- Country183 | country UnbindFile
05T11:49:58.732+11:00

insertValue | 2019-03- Australia country C:/Customers/Australia/
05T11:50:51.115+11:00

insertValue | 2019-03- Countryl64 | country UnbindFile
05T11:51:53.245+11:00

insertValue | 2019-03- Country190 | country UnbindFile
05T11:52:53.824+11:00

insertValue 2019-03- Australia country C:/Customers/Australia/
05T11:53:28.975+11:00

insertValue | 2019-03- Country87 country UnbindFile
05T11:54:34.283+11:00

insertValue 2019-03- Australia country C:/Customers/Australia/
05T11:55:17.999+11:00

insertValue | 2019-03- Country68 country UnbindFile
05T11:56:42.956+11:00

For the dataset described in 2.1 below, the data are already in CSV format, so no further transformation is
required. For these data, parameter 37 has the most significant value because the remaining parameters
are identical, or they are input data; see parameter 7 to parameter 31.

2.1 Working example

Furthermore, data were created for the research based on a real process, which was already automated
using RPA; however, in the past, an employee performed this activity. Therefore, it is no longer possible
to obtain real UI logs on which to conduct research. The data? were created from a dataset by Bosco et al.
(2019) and the 1985 Auto Imports Database by Schlimmer. It was a process where an employee opened
an Excel form, loaded and copied the data into a web application, which processed the data (as a black
box), displayed the result and saved the data, and according to the result, the web application sent an
email. Then it was prepared for entering new data or ended in the previous step. See Figure 3 for the
process visualization.

2 The data can be found in the repository: https://github.com/Scherifow/SGS-Task-Mining
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Open Excel H Read Data H Paste to Web App }—){lezﬁgtsanu;?g;{ssu"

Send email

Figure 3. Working example of the process for our data.

3 Results

The results obtained when testing parameter 36 on the data named log6.csv can be seen in Table 3. The
accuracy of the FURIA and RIPPER algorithms is 100%, so for this type of data, FURIA has the same
results as RIPPER. The number of records or instances is 999 in the data, and both algorithms determined
all instances correctly, thanks to the rules below.

Table 3. Algorithm results on log6.csv data.

FURIA RIPPER
Accuracy 100% 100%
Correctly classified instances 999 999
Incorrectly classified instances 0 0

The rules discovered in the log6.csv data by the RIPPER algorithm were only two, and they were also
discovered by the default program. These rules can be written as follows:

If Parameter 30 == Australia:
Parameter 36 = C:/Customers/Australia/
If Parameter 30 != Australia:

Parameter 36 = UnbindFile
FURIA discovered slightly different rules in the same data with the same result, which means that the
algorithms for this type of data are identically accurate.
If Parameter 37 == Web:
Parameter 36 = UnbindFile

If Parameter 30 == Australia:

Parameter 36 C:/Customers/Australia/

Table 4 shows the accuracy results for all the rules that the algorithms were able to find for the given
parameter. All the parameters were selected by rules stated in Section 2. In many cases, the accuracy of
the algorithms was the same except for the parameters stated in Table 4. The dataset log6.csv contains
only one parameter that has different results. The dataset log9.csv contains 17 parameters with different
results. The most significant differences are in parameter64 and parameter61. FURIA is more accurate in
17 out of 18 cases displayed in the Table 4. RIPPER was more accurate only in one case parameter36.
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Table 4. Results of comparison of RIPPER and FURIA in log6.csv and log9.csv data.

Algorithm | Dataset | Parameter Correctly Incorrectly Correctly Incorrectly
classified classified classified classified instances
instances instances instances in%

in %

FURIA logb6.csv 42 513 486 51.35 48.65
RIPPER | log6.csv 42 506 493 50.65 49.35
FURIA log9.csv 65 1057 534 66.44 33.56
RIPPER | log9.csv 65 1056 535 66.37 33.62
FURIA log9.csv 64 1270 729 53.53 36.47
RIPPER | log9.csv 64 1128 871 56.43 45.57
FURIA log9.csv 61 1503 496 75.19 24.81
RIPPER | log9.csv 61 1467 532 73.39 26.61
FURIA log9.csv 59 71 1928 3.55 96.45
RIPPER | log9.csv 59 65 1934 3.25 96.75
FURIA log9.csv 57 939 1060 46.97 53.03
RIPPER | log9.csv 57 938 1061 46.92 53.08
FURIA log9.csv 55 635 1364 31.77 68.23
RIPPER | log9.csv 55 620 1379 31.02 68.98
FURIA log9.csv 53 1104 895 55.23 44.77
RIPPER | log9.csv 53 1102 897 55.13 44.87
FURIA log9.csv 51 577 1422 28.86 71.14
RIPPER | log9.csv 51 575 1424 28.76 71.24
FURIA log9.csv 49 1130 869 56.53 43.47
RIPPER | log9.csv 49 1100 899 55.03 44.97
FURIA log9.csv 48 1967 32 98.4 1.6
RIPPER | log9.csv 48 1961 38 98.1 1.9
FURIA log9.csv 45 1103 896 55.18 44.82
RIPPER | log9.csv 45 1095 904 54.78 4522
FURIA log9.csv 43 1929 70 96.5 3.5
RIPPER | log9.csv 43 1920 79 96.05 3.95
FURIA log9.csv 42 1512 487 75.64 24.36
RIPPER | log9.csv 42 1506 493 75.34 24.66
FURIA log9.csv 37 1423 576 71.19 28.81
RIPPER | log9.csv 37 1414 585 70.74 29.26
FURIA log9.csv 36 1737 262 86.89 13.11
RIPPER | log9.csv 36 1748 251 87.44 12.56
FURIA log9.csv 9 182 1817 9.1 90.9
RIPPER | log9.csv 9 181 1818 9.05 90.95
FURIA log9.csv 3 182 1817 9.1 90.9
RIPPER | log9.csv 3 181 1818 9.05 90.95
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The following results were found in the data from Section 2.2 titled Auto2Mail.csv; see Table 5.

Table 5. Results of sample data Auto2Mail.csv

Algorithm | Correctly classified | Incorrectly classified | Correctly classified Incorrectly classified
instances instances instances instances in %
in %
FURIA 182 23 88.78 11.22
RIPPER 164 41 80 20

On these data, the rules of the FURIA algorithm are clearly more accurate than RIPPER. The rules for
these cases can be found in Appendix A. FURIA correctly identified 182 cases out of 205 cases, and the
accuracy is 88.8%. RIPPER correctly identified 164 cases out of 205, so the accuracy is 80%. The FURIA
algorithm is more accurate than RIPPER on these data. In Table 5, the results are rounded to two decimal
places.

4 Discussion

Task mining is a hot topic, and the moment someone introduces a universal algorithm that can find
processes to automate in existing data, this technology will be widely used across organizations that will
be willing to pay a lot of money for it. Since this is a solution to a lucrative problem, researchers in the
commercial sphere are also trying to find a universal algorithm for finding routines for automation. Start-
ups and especially big players in RPA automation or process mining as UiPath or Celonis deal with this
issue. Unfortunately, their task-mining procedures are inaccessible to the scientific community, and they
are trade secrets.

One of the problems with task mining is data and their quality (Leno et al., 2020). From a data point of
view, it is problematic that the methods mentioned above use the user's Ul logs. The main problem with
UI logs is that they are not monitored by default in most companies, such as process logs from ERP
systems. The problem with not monitoring by default is that it leads to suspicious behaviour of employees
whose computer activities are monitored (Razaghpanah et al., 2018).

With poor communication from the organization, this leads to the employee being intentionally
sabotaging logging. The data quality is then inferior, and the preparation of data for analysis is difficult,
sometimes impossible. However, data quality is problematic even without intentional sabotage, as people
are often disturbed at work and perform the same tasks in a different order with the same result.
Furthermore, even a simple decision made by a person can be very difficult to detect by artificial
intelligence (Leno et al., 2021b). Another critical factor is that Ul logs have more parameters than classic
process logs, which are, in many cases, very strict.

An interesting approach to detecting automatable routines is to use textual descriptions of the process
that can be processed and use them to identify the complexity of the process and whether it is suitable for
automation (Leopold et al., 2018). Their estimates of whether the process is automatable are based on text
inputs/data and an Al algorithm.

It is also important for our approach to mention that the results of RLA algorithms may differ based on
input data, and each algorithm is differently accurate for different data, and it cannot be said that FURIA
is better in all cases for all types of data. (Hithn & Hiillermeier, 2009; Manghai & Jegadeeshwaran, 2019).
Therefore, the results of our research have certain limitations associated with the dataset used. It is thus
appropriate for future research to test this approach on other data that will provide a more comprehensive
view of this approach.
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5 Conclusion

Research has shown that strictly deterministic rules are restrictive and limit the number of candidates for
automation. A real example and the approaches of other experts confirm that it is possible to automate
processes only for certain instances, that no algorithms need to discover the rules of the process, and that
it is appropriate to expand the number of possible candidates for automation. Furthermore, the FURIA
RLA algorithm has been shown to be much more accurate than RIPPER on tested data. However, as other
experts mention, the data are fundamental. Furthermore, FURIA was able to find rules on test data that
are more suitable for RPA automation. Thus, this research shows that the extension of potential candidates
by not being strictly deterministic and using the FURIA algorithm is beneficial.
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Appendix A
JRIP rules:
(Parameter8 = ID1103) => Parameter30=Country5 (2.0/0.0)
=> Parameter30=Australia (997.0/499.0)
FURIA rules:
(Parameter36 = C:/Customers/Australia/) => Parameter30=Australia (CF = 1.0)
(Parameter8 = ID1103) => Parameter30=Country5 (CF = 0.5)

(Parameter8 = ID396) => Parameter30=Countryl40 (CF = 0.4)

Appendix B
FURIA rules:

(Parameterll = two) and (Parameterl in [70, 73, inf, inf]) => Parameter37=Sent email
(CF = 0.98)

(Parameterl6 in [-inf, -inf, 1732, 1867]) and (Parameterl5 in [-inf, -inf, 953,
963]) and (Parameter?7 in [102, 103, inf, inf]) => Parameter37=Sent email (CF = 0.98)

(Parameterll = two) and (Parameter3l in [-inf, -inf, 16500, 20970]) and (Parameter25
in [-inf, -inf, 347, 358]) => Parameter37=Sent email (CF = 0.99)

(Parameter25 in [-inf, -inf, 34, 219]) and (Parameter?7 in [-inf, -inf, 164, 192]) =>
Parameter37=Sent email (CF = 0.91)

(Parameter8 = saab) => Parameter37=Sent email (CF = 0.89)
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(Parameterl8 in [-inf, -inf, 516, 528]) and (Parameter25 in [335, 346, inf, inf]) =>
Parameter37=Sent email (CF = 0.88)

(Parameterll = four) and (Parameter24 in [319, 327, inf, inf]) and (Parameter7 in [-
inf, -inf, 103, 104]) => Parameter37=- (CF = 0.97)

(Parameterll = four) and (Parameterl3 = rwd) => Parameter37=- (CF = 0.95)

(Parameterl5 in [945, 957, inf, inf]) and (Parameterl7 in [-inf, -inf, 652, 654])
and (Parameterll = four) => Parameter37=- (CF = 0.91)

(Parameterl6 in [1736, 1768, inf, inf]) and (Parameterl8 in [-inf, -inf, 555, 557])
and (Parameterl8 in [548, 549, inf, inf]) => Parameter37=- (CF = 0.9)

RIPPER rules:

(Parameterll = four) and (Parameter24 >= 327) and (Parameter?7 <= 103) =>
Parameter37=- (31.0/0.0)

(Parameterll = four) and (Parameterl3 = rwd) => Parameter37=- (25.0/1.0)

(Parameter?7 <= 115) and (Parameter25 >= 327) and (Parameterl’7 >= 639) =>
Parameter37=- (14.0/0.0)

(Parameterll = four) and (Parameter7 <= 91) => Parameter37=- (11.0/1.0)

(Parameterl6 >= 1778) and (Parameterl8 <= 555) and (Parameterl?2 = sedan) =>
Parameter37=- (6.0/0.0)

=> Parameter37=Sent email (118.0/7.0)
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