<RNE,

? Kobe University Repository : Kernel

R
S
4oge

PDF issue: 2025-12-05

Text Mining to Support Consulting Services for
Client Company State Recognition

Watanabe, Ruriko
Fujii, Nobutada
Kokuryo, Daisuke
Kaihara, Toshiya
Abe, Yoichi

(Citation)
International Journal of Automation Technology, 14(5):779-790

(Issue Date)
2020-09-05

(Resource Type)
journal article

(Version)
Version of Record

(Rights)

© 2022 Fuji Technology Press Ltd.

This article is published under a Creative Commons Attribution-NoDerivatives 4.0
Internationa License.

(URL)
https://hdl. handle. net/20.500. 14094/90009504

KOBE
\f].\]'l'l'.lihl Y
AN




Paper:

https://doi.org/10.20965/ijat.2020.p0779

Text Mining to Support Consulting Services for
Client Company State Recognition

Text Mining to Support Consulting Services for
Client Company State Recognition

Ruriko Watanabe* ", Nobutada Fujii*, Daisuke Kokuryo*, Toshiya Kaihara*, and Yoichi Abe**

*Kobe University
1-1 Rokkodai-cho, Nada-ku, Kobe, Hyogo 657-8501, Japan
fCorresponding author, E-mail: watanabe @kaede.cs.kobe-u.ac.jp
“F&M Co., Ltd., Suita, Japan
[Received April 3, 2020; accepted July 20, 2020]

This study was conducted to devise a method for sup-
porting consulting service companies in their response
to client demands irrespective of the expertise of con-
sultants. With emphasis on revitalization of small and
medium-sized enterprises, the importance of support
systems for consulting services to serve them is in-
creasing. Those systems must support solutions to dif-
ficulties that must be addressed by enterprises. Con-
sulting companies can respond to widely various man-
agement consultations. Nevertheless, because the con-
sultation contents are highly specialized, service pro-
posals and problem detection depend on the experi-
ence and intuition of the consultant. Often, stable ser-
vice cannot be provided. A support system must pro-
vide stable services independent of the ability of con-
sultants. In this study, analyzing customer informa-
tion describing the contents of consultation with client
companies is the first step in constructing a support
system that can predict future problems. Text data
such as a consultant’s visit history, consultation con-
tents by e-mail, and contents of call centers are used
for analyses because the contents can explain current
problems. They might also indicate future problems.
This report describes a method to analyze text data us-
ing text mining. The target problem is fraud, which
includes uncertainty: cases in which it is not clear
whether a fraud problem has occurred with the com-
pany. To address uncertainty, a method of using lo-
gistic regression models is proposed to represent in-
ferred values as probabilities, rather than as binary
discriminated data, because the possibility exists that
some misidentified companies might have some dif-
ficulty. As described herein, computer experiments
are conducted to verify the effectiveness of the pro-
posed method and to compare consultants’ forecasted
and achieved results. Results of a verification exper-
iment are presented in the following. First, the pro-
posed method is applicable to problems including un-
certainties. Secondly, the possibility exists of discover-
ing companies with a fraud problem of which they are
unaware.
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1. Introduction

1.1. Current Status of Small and Medium-Sized
Enterprises (SMEs) and Consulting Services

In recent years, with emphasis on the activation of
small and medium-sized enterprises (SMEs) [1], support
systems including consulting for SMEs are regarded as
important [2]. They support SMEs to solve problems that
are difficult to address in their company. Consultant com-
panies have difficulties that render them as not always suf-
ficient in supporting leading and specialty field [3]. More-
over, service suggestions and client companies’ problem
detection depend on the experience and intuition of each
consultant [4]. A support system must be devised to pro-
vide services with stable quality irrespective of consultant
ability.

Labor-intensive industries have a large proportion of
tasks performed by a human labor force. An impor-
tant difficulty is that labor-intensive industries have low
labor productivity; support methods are established in
labor-intensive industries in many diverse fields. Feng
Duan proposed a multimodal assembly support system
for information and physical aspects of assembly workers
while satisfying the actual manufacturing requirements.
The system improves the cell production system effi-
ciency, mainly depending on human operators’ work per-
formance [5]. Toshihiro Kamma specifically examined
animation production efficiency and studied task comput-
erization to improve video work quality [6].

Among labor-intensive services, this study specifi-
cally examines consulting services, which are knowledge-
intensive services. The quality of services depends greatly
on the consultants’ intuition. This study was conducted to
assess consulting services independently of the expertise
of a consultant.

Figure 1 portrays the consulting service workflow.
Consultants conduct state recognition, such as what dif-
ficulties clients must confront, from contents of surveys
with the client company, and judge appropriate strate-
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Fig. 1. Workflow of consulting service.
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gies based on that consultation. Because the consul-
tant’s ability is regarded as particularly dependent on the
consultant’s recognition and judgment, these are targeted
for support in this study. Nevertheless, proper judge-
ment cannot be achieved unless the recognition is correct.
Therefore, for constructing a support system particularly
supporting consultant’s recognition system, some method
must be devised to use text mining to predict future prob-
lems at client companies using data from communications
and consultations received from customers.

1.2. Applying Text Mining to Consulting Services

Text data analysis has attracted attention because of
computer processing capability improvements. Analyses
of large amounts of data can be done with inexpensive
memory. Because the contents included in texts are not
prescribed in advance, the possibility exists that the text
data might reveal some irregularity that was overlooked
in the past. The need for text utilization has increased
in recent years [7]. Text mining is used in widely di-
verse fields [8] such as economics [9], business admin-
istration [10], pedagogy [11], nursing science [12], and
philosophy [13].

To analyze text data scientifically and to apply it to cor-
porate evaluation, some studies have analyzed correlation
between stock prices and stock-related announcements
sent by corporate managers to shareholders [14]. Other
studies have analyzed long-term market trends using text
information from monthly reports of financial data [15].
Because text data used in these studies were standard ex-
pressions for reporting information for external use, the
data were homogeneous. The contents were limited to
those related to the subjects of the respective studies.

This study analyzes text data that describe communi-
cations with client companies after accumulation by con-
sulting companies. Because these text data are based on
various records such as the contents of the consultation
between the consultant and the client company and the
contents of the call center, the data are heterogeneous.
Because the data are not limited to company information
released externally, more detailed information about the
company is included. The data quality differs from the re-
search introduced earlier. Because the consultation con-
tents described in the target data of this research are di-
verse, analyses using all words and phrases appearing in
the text data might include wasteful variables and high
calculation costs. Therefore, one must extract phrases re-
lated to the target problem in advance. For discriminant
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analysis, consulting services must recognize the cause of
the problem occurrence, with an attempt to create a linear
discriminant that can analyze factors of inference instead
of a machine learning method that has been confirmed as
having high inferential accuracy for discrimination prob-
lems in recent years.

1.3. Research Objective

This study uses correspondence analysis to extract
words used as variables before analyzing state recogni-
tion of client customers. To analyze state recognition, a
discrimination method able to discriminate the presence
or absence of a problem is used. It is not a general statisti-
cal discriminant analysis method, but a data envelopment
analysis (DEA) discriminant method. Because it need not
make assumptions about the distribution of the popula-
tion, it is expected that DEA discriminant analysis can
accommodate heterogeneous text data for which it is dif-
ficult to judge the distribution. Furthermore, because it is
possible to obtain a solution merely by solving linear pro-
gramming problems, it presents advantages such as being
able to address large scale data. A support method com-
bining the correspondence analysis described above and
DEA discriminant analysis is proposed for this study [16].

Moreover, for application to real problems, the method
has been improved in three respects: standardization, use
of IDF values, and using words that appear in only one
group. The improved method reduces the number of com-
panies for which results cannot be determined. Compari-
son with forecast results produced by consultants suggests
that the support system captures characteristics of the
company for reference when the consultant predicts [17].

As described herein, the support method is applied to
other problems. The target problem is more complex and
uncertain: the problem can occur without knowledge of
the consultant or the client company. To address uncer-
tainty, a method using logistic regression models to rep-
resent inferred values by probabilities is proposed. Bi-
nary discrimination is discarded because the possibility
exists that some misidentified companies might actually
have some problem. Therefore, it is necessary to identify
companies to be supported by consultants. The effective-
ness of prediction for a problem that includes uncertainty
cannot be verified solely by the discrimination rate. For
this study, grouping is done to create text data describ-
ing communication between the client and the consultant
for use in discrimination, but there might be companies in
which problems actually occurred even though such com-
panies were classified as having no problems. Therefore,
additional interviews with client companies and estima-
tion of problems by consultants are conducted by compar-
ing those results with inferences made using the proposed
method. Then the effectiveness of this method is verified
for problems of uncertainty.
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Table 1. Problems of which consultants must be aware.

The problem is certain.

The problem has uncer-
tainty.

Problems the client recog-

Problems within the com-

corporate performance.

Problem nizes. any the client might not
structure Problems the consultant | P30 g
- be aware of.
recognizes later.
Example Cancellation issues; Embezzlement and per-

sonnel issues.

004 ¥R HA0A

FROERL, FN—T&it24 Y HROAF
2016/01/01 378
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+ Company Profile

+ Visithistory

+ Current problem

+ Consulting servicesin use

<E%>

Fig. 2. Text data.

2. Proposed Method

2.1. Research Subject

By analyzing text data accumulated by consulting com-
panies, possible difficulties faced by client companies
were inferred using the method assessed for this study.
Data used for these analyses were recorded using various
methods such as contents of interaction during a consul-
tant’s visit to the client company, e-mail questions sent
from the client company, and call center correspondence.
Examples are presented below. Table 1 shows problems
of which consultants must be aware.

As shown in Fig. 2, text data consist of details of the
company profile, visit history, problems held by client
companies, and consulting services in use. Apparently
some texts describe contents that are expected to be a trig-
ger of future problems. For this study, these text data were
analyzed using a computer to support consulting services.
This proposed method supports consultants who must ad-
dress problems of widely various fields. Using it with ac-
cumulated text data, consultants with little experience can
be aware of difficulties that can occur in client companies
by inferring difficulties occurring in client companies.

Consultants must be aware of diverse problems of many
types at client companies, but they are broadly classifiable
into two types.

Issues that are certain have been emphasized: whether
client companies will continue or cancel consulting ser-
vices. This paper presents specific examination of a more
complex problem: fraud. The system can infer whether
fraud is occurring within the client company. Fraud is an
act of embezzlement by taking advantage of a position,
such as embezzling a company’s resources or sales rev-
enues, or inflating a billing for payment. Fig. 3 presents
the cancellation problem structure. Fig. 4 presents the
fraud problem structure.

In the cancellation problem, the correct answer data for
creating the prediction formula coincides with whether or
not to cancel a consulting service. However, in the case
of fraud, the presence or absence of the description of the
fraud problem in the text data is used as correct answer
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all companies

The text describes
the cancellation
problem

Cancellation Unknown

President decides to
cancel consulting
services
Correct answer data in this study

Il
< True answer data

Fig. 3. Cancellation problem.

all companies

e text describes
the fraud problem
occurrence

Correct answer data in this study

In the normal group, there is a
Fraud problem Normal company that has no
group?
group description in the text data,
but actually has a problem.
)

Problem involving
uncertainty

Phie president Ts
aware that a
problem has
occurred

yos ¢

[ 1

Fraud problem
group

Normal group?

I
Fraud problem
< group Normal group
- —

Fig. 4. Fraud problem with uncertainty.

data to create a prediction formula. For some companies,
a fraud problem has occurred even when the text data
do not describe a fraud problem; therefore, the problem
structure includes uncertainty. Fraud problem is an uncer-
tain problem because there is no one-to-one correspon-
dence between occurrences and discovered. As described
herein, the proposed method is applied to this problem
including uncertainty. Then its effectiveness is verified.
Furthermore, by using the problem’s occurrence proba-
bility as a predicted value, even a problem that includes
uncertainty can be addressed.

2.2. Overview of the Proposed Method

This section outlines the proposed method. First, text
data are classified by the occurrence of problem. A dis-
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| Creating discriminant formula for predicting problems.

5. Creating
discriminant formula
using DEA
discriminant analysis

Text data describing
communication between
client companies and consultants.

Text data of companies
that had problems

r_\ A N
) Y= ag+ax; +ax, + -+ ayxy

Text data of companies ’

that have no problems

Y : Purpose variable
x; : Explanatory variable
a; : Weightinig factor

- T
1.Classifying by the /—{ﬂi
description about )
occurrence of problem
in text data into two

groups.

3,4. Extracting words which are
factors using
correspondence analysis

2. Decomposing
text data into
morphemes

(a) First stage

Verifying the effectiveness of the discriminant formula
using new text data

Discriminant formula

+

Text data describing — we=p-
communication b
client companies and consultants.

Verify that
== prediction is correct.

]

& 6. Verifying the effectiveness of
the discriminant formula created .

(b) Second stage

Prediction of
problems

Fig. 5. Overview of the research.

criminant formula is created using text mining. Phrases
are extracted as factors by extracting correspondences for
each group from among many words and phrases and by
using the extracted phrases as variables of DEA discrim-
inant analysis to create a discriminant. To verify the ef-
fectiveness of the obtained discriminant formula, newly
categorized text data are used to judge the problem pres-
ence or absence. An overview of the proposed method is
presented in Fig. 5. In the first stage depicted in Fig. 5(a),
a discriminant is created for predicting the occurrence of
a problem. In the second stage presented in Fig. 5(b),
prediction is performed using new text data to verify the
discriminant effectiveness.

The proposed method is executed in the following six
steps. These steps are shown in Fig. 6, with detailed de-
scription of the respective steps in later sections.

The flow of the method examined for this study in-
cludes data shaping, feature extraction, and creation of
discriminants. As described herein, we propose a method
to calculate the probability of problem occurrence using a
logistic curve to target problems including uncertainty.

2.3. Text Data Classification

Text data of client communications accumulated at a
consulting company are used for this study. Text data are
categorized according to the presence or absence of prob-
lem occurrence considering the time series of fraud prob-
lem detection. To predict the occurrence of future prob-
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[ I. Classification of text data ] Section 2.3
Data shaping
[ I1. Morphological analysis ] Section 2.4
[ IIL. Correspondence analysis ‘ Section 2.5
[IV. Extraction of words as factors] Section 2.6
Feature
[ V. Data augmentation ] Section 2.7 Extraction
[ VI. Standardization l Section 2.8
[ VII. DEA discriminant analysis ] Section 2.9
Discriminant
[ VIII. Logistic curve ] Section 2.10 creation

Fig. 6. Flow of the proposed method.

lems, text data are deleted with direct contents related to
fraud problems. In addition, past text data are used for a
certain period of time since the problem occurred because
the proposed method is designed to predict problems as
early as possible by avoiding the use of direct descriptions
of problems in the text data.

2.4. Morphological Analysis

A morpheme is the smallest character string that retains
some meaning: it becomes meaningless when it is decom-
posed further. Decomposing sentences into morphemes
and specifying their respective parts of speech is called
morphological analysis. This study uses the MeCab mor-
phological analyzer developed by Kudo [18]. MeCab, a
general-purpose program, is independent of dictionaries
and text data. It is faster than other analyzers. Words
and phrases related to many items, regarded as noise, are
omitted from the analyzed morphemes.

Both groups share many common occurrences of mor-
phemes irrespective of whether a problem has occurred.
The following words are deleted because they introduce
noise into phrase extraction in correspondence analysis.

« Name of consulting service:
Aptitude diagnosis service.

« Fixed phrase:
FAX sent.

« Words making no sense:
Month, year, case.

2.5. Correspondence Analysis

Correspondence analysis, proposed in the 1960s by
Benzeccri, compresses information contained in rows and
columns of data tables into a few components [19]. For
this study, words are included in line items (sample).
Company names are included in column items (cate-
gory). Two-dimensional data of the appearance count #;;
of word j of company i are targeted. Table 2 presents an
example of two-dimensional data.

Int. J. of Automation Technology Vol.14 No.5, 2020



Table 2. Two-dimensional data for correspondence analysis.

Word | AAA | BBB KKK
Company aj a e ag
A Co. b] 1 30} g
B Co. by 1 [5%) e bk
N Co. by IN1 N2 INK

Table 3. Variables used for correspondence analysis.

(i= 1721’ LK) Extracted word
(j:l,é,...,N) Company
. Number of occurrences of word i in text
Y data of company j
a; Weight used as coefficient of word i
b; Weight used as company j coefficient

Table 3 represents variables using correspondence
analysis.
Basic statistics are calculated as shown below.

K
) ai
i=1

A a=1= ¢ |
verage: d T (1)
N 2
Z Z tij ((li — (7)
. . i=1 J=1
D :V = . 2
ispersion: V, N —1 , (2)
N ) s
ZZI,‘j((li—d) (b,‘—b)
) i=1j=1
C . Va = ) . 3
ovariance: V,, N1 (3)
1%
Correlation coefficient: R = ab G

VeV
With correspondence analysis, sample scores and cate-
gory scores that maximize the correlation coefficient are
obtainable under the condition of a,b =0, V,,V, = 1.
Here, Eq. (5) can be established using the Lagrangian
multiplier method.
A
&ﬂ%—am—u—%mﬁu.....(a
When Eq. (5) is partially differentiated with the sample
score and the category score, the following simultaneous
equations are obtained.

G G
a—al - 07 a—bl - 07

. . - ©)
G G
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By deforming Eq. (6) with A = u, the following eigen-
value problem is obtained.

X o Xik ai ai
= : N )]
Xk1 - Xkk ] Lax ag
(X11,...,Xgk: arbitrary number)

Eigenvalues are determined by solving Eq. (7). Sample
scores and category scores are calculated for each eigen-
value. The eigenvalue obtained here is called a dimension.
Using the operation above, many samples and categories
are compressed to a few components.

By mapping sample scores and category scores corre-
sponding to each axis on the scatter diagram, correspon-
dence between these variables can be visualized. Char-
acteristic companies and words in the target data appear
as they move away from the origin of the scatter plot.
General companies and words in the target data appear
near the origin. For this study, correspondence analysis is
conducted for each group divided by presence or absence
of a detected fraud problem. Also, attention is devoted
to words that are near the origin. Words which become
factors of the respective groups are extracted using the
method explained in the next section.

From correspondence analysis results, considering all
dimensions, distance d;z between word i and the origin
in each group (G1,Gy) is calculated using Eq. (8). Also,
D¢ represents the total number of dimensions, x; ;s stands
for the sample score of word i in dimension j, and Cjg
denotes the contribution of dimension j.

D¢

Zl{(xijG*CjG)z}
_ J=
dic = Do N €))

Weighting is performed by multiplying the distance
from the origin by the IDF value to extract more com-
monly used words. The IDF value, known as the reverse
document frequency, is a high value if the word is rare
between documents; it is a low value if the word appears
frequently in many sentences. IDF values are calculated
using Eq. (9).

, N
dfi=logrz - . O)

1

2.6. Extracting Words as Factors
2.6.1. Extracting Words Appearing in Both Groups

For each word, the d value is updated by the operations
of Egs. (10) and (11). For each group, words with small e
values are extracted to a fixed number.

When G| < G»,
eig, = dig, + M — dic,, (10)
€iG, = *°,
783
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Fig. 7. Data augmentation.

when G| > G»,
eiG, = dig, + M — d,g,, (11
eiG, = .

2.6.2. Extracting Words Appearing in Only One
Group

For each group, the following heuristic rules are used to
extract words as factor while also considering words and
phrases that appear in only one group.

I. From words appearing in both groups, select the
word with the strongest factor: the word with the
highest ¢;; value.

II. Words appearing in only one group with distance
less than the selected words are extracted in order
from a word with smaller distance. It ends when the
set number of extracted words is reached. Exit when
the set number of extraction words is reached.

III. Extract the word selected in 1. Go to I if it is less
than the set number of extraction words. Exit when
the set number of extraction words is reached.

2.7. Data Augmentation

In this method, words used for creating a discriminant
are words that overlap in the learning data group and the
prediction data group. Because fewer data are used for
prediction than for creation, a problem exists that many
companies are indistinguishable because no word is used
in the discriminant appears. Therefore, a method was ap-
plied to reduce the number of unidentifiable companies
by expanding data using synonym dictionaries for phrases
that appear in the data used for prediction. Fig. 7 portrays
an image of data augmentation.

WordNet, a concept dictionary incorporating the mean-
ing and thesaurus, is used for data augmentation. Fig. 8
presents an example of a concept dictionary.

A word has a plurality of concepts. Each concept is
associated with broader words and lower words. This
method does not consider the meaning of a concept in
which a word appears. Therefore, words associated with
all concepts are regarded as synonyms. Synonyms are re-
garded as having appeared the same number of times. The
appearance frequency table is therefore extended.

784

Ex)Moon
Hypernym Concept /%;1%\ Hyponym
B calendar_
Date
T & | = One of 12 month
fme un! calendars
month Day
Moon light
Visible light | — |Light of moon
Moon color
— Jade rabbit
Satellite _J | Earth natural
satellite

Fig. 8. Example of the word “[J ” (moon).

2.8. Standardization

A discriminant is created using the words extracted in
Sections 2.5-2.7. Before performing discriminant anal-
ysis, standardization is applied to unify the word scale.
The standardization is calculable using Eq. (12) when the
average frequency of occurrence of a word is M and the
standard deviation is 5. The average of each word is 0.
The variance is 1.

x—M

= .
N

. (12)

Results show that, by standardization, a word having sev-
eral appearances of 0 is also assigned a value. It can be
determined.

2.9. DEA Discriminant Analysis

DEA discriminant analysis was first proposed by
Sueyoshi [20]. In the present study, DEA discriminant
analysis is adopted because the method has the following
features.

« No assumption about the population distribution is
necessary: text data from which it is difficult to grasp
the actual distribution can be accommodated as-is.

o Simply solving a linear programming problem can
lead to the answer: large-scale data can also be ac-
commodated.

« No precondition is necessary for the sample size:
problems with differences in the amounts of sen-
tences between groups can be accommodated.

The first and the second features are suitable for this
study, which deals with large amounts of text data. The
third feature is suitable for this study because different
amounts of sentences are used between groups: the num-
ber of companies with problems differs from the number
of companies without problems.

Int. J. of Automation Technology Vol.14 No.5, 2020



Table 4. Variables used for DEA discriminant analysis.

Decision variables

G Group

i Extracted word

j Company

Number of occurrences of word i in text data of
company j

n Width of overlap

Dependent variables

A Discrimination coefficient
d Discrimination boundary
55,8, | Slack variable

DEA discriminant analysis is conducted in two stages.
First, data are classified into two groups: properly dis-
criminated data and data that are difficult to discriminate.
Second, to improve the discrimination accuracy, discrim-
inant analysis is applied to data that are difficult to dis-
criminate in the first stage. The DEA discriminant anal-
ysis model is presented below. Table 4 shows variables
used in DEA discriminant analysis.

Stage 1
. + —
min Z S1j+ Z S2j
JEG J€Gy
k
s.t. Z?Lizij+Si"j-—Sl_j=d+n (j€Gy),
i=1
. 13
(A = hizij) + 85, — S5, =d (j€Gy), 13

+ —
Slj’ Slj’

+ —
S3j5 85,2 0.

The objective function of Eq. (13) is designed to min-
imize false discrimination. When A, d* are the optimal
solutions obtained in stage 1, companies are classified into
five categories according to the following discrimination

criteria: Ry, Ry, Ry, C1 and C;.

Rl_{jeG
i

k
RO_{jeG d*+n>Z/’Li*z,-,->d*}, . (1%
i=1

k
li*zijZd*—l-T]}, L. (14
=1

k
R2={j€G Zli*Zide*}, N ¢ 1)
i=1
Ci={jeR|jeG}, . . . ... .. (A7D
C2={j6R2|jEG2}. B € £ )

Therefore, C; and C; are classified correctly. G; N R»,
G> NR; are the datasets that became misjudged. Set Ry
are data in the overlap region.
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Misidentified data and data existing in the overlapping
area are handled in stage 2. Variable c is a new discrimi-
nation boundary existing between d* and d* 4 7.

Stage 2

min Z Sf“j +
JEGIN(RoUR,)

k

Y S
J€EG2N(RoURy)
s.t. 7L,‘Z,‘j+STj—Sl_j=C (jEGlﬁ(RoURz)),
i=1

k
A,,'Zij—FS;j —S;j =c (_] € Gzﬂ(RoURl)),
i=1

=

1

k
Aizij>d"+n (jeC),
=1
k
ZAiZij Sd* (jECz),
i=1

k
Z |A'l| = 17
i=1

+ —
Slj’ Slj’

S5 S3;>0.
(19)

Data correctly determined in stage 1 are controlled by
a constraint expression to ensure the result obtained in
stage 1. In the objective function, slack variables of data
correctly discriminated in stage 1 are excluded. There-
fore, the sum of slack variables when data are erroneously
discriminated in stage 1 is minimized in stage 2. In ad-
dition, the discrimination boundary value c is set as be-
tween d and d + 1. Also, it is possible to discriminate
data existing in the overlap region. If the optimal solu-
tion of stage 2 is ¢*, A*, then it is judged according to the
following criteria. In Eq. (20), company j is judged as
belonging to G1. In the case of Eq. (21), company j is
determined as belonging to G».

k

AMzjg>c, o000 0000 (0
i=1
k
Y Azj<ce. o000 0000 Q2D
i=1

2.10. Logistic Curve

Logistic regression is a multivariate analytical method
that explains and predicts the success probability of one
categorical variable (binary variable) using multiple ex-
planatory variables. The probability of problem occur-
rence is calculated using the sigmoid function from the
discrimination score obtained in the previous section. As
a result, one can identify a company that should devote
attention to a problem, even given a degree of uncertainty.
Eq. (22) is used to calculate the probability from the dis-
criminant equation.

p:
1—
1+< d
m

! .
> *exp(—z)

(22)
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Table 5. Experiment conditions.

Table 6. Average discrimination ratio.

Improved method

company ratio

Fraud problem Normal
Discriminant ratio 75.2 72.0
Undetermined 12.0 75

Fraud problem | Normal group:

group: Gy G,
Number of companies 40 90
Paragraph 3731 3946
Sentences 11978 14550
Total number of words 236880 269980
ggﬁlils)er of different 8592 9074
Learning data 20 70
Prediction data 20 20
Width of overlap 0.5

In that equation, p stands for the probability of belong-
ing to group 1, ; denotes the prior probability of group 1,
and z expresses the discrimination score.

3. Computer Experiments

3.1. Experiment Overview

Through computer-based experimentation, actual data
are analyzed using the proposed method as a target of
the problem of cancellation. Specifically, a discriminant
is created that predicts a client that has fraud problems.
To solve a problem having actual scale and scope, the
method was extended to solve the following three points.
To confirm the effectiveness of the proposed method, it is
compared with an existing method. To verify the validity
of extending it probabilistically using the logic regression
model, it is compared with a consultant’s knowledge and
actual survey results.

3.2. Experiment Conditions

The experiment conditions are presented below. Al-
though machine learning is not used in this study, data
used for discriminant creation are called learning data.
Data used for verifying the discriminant are called pre-
diction data. Table 5 shows the conditions.

Experiment environment
+ OS: Windows™ 8.1

« CPU: Intel® Core™ i5-4460S CPU@2.90 GHz
e Memory: 8.0

3.3. Effectiveness of Proposed Method

Table 6 presents the average of discrimination rates
using the proposed method. An indistinguishable com-
pany is a company for which no words used in the created
discriminant appear in the text data or can be discrimi-
nated. The discrimination rate of the fraud problem group
is 75.2%; that of the normal group is 72.0%. The rate of
unidentifiable firms with fraud issues is 12.0%. The rate
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of unidentifiable firms in the group without fraud prob-
lems is 27.5%. The fact that the group without fraud
problems has a lower discrimination rate than the group
with fraud problems is attributable to the uncertainty that
a fraud problem might be occurring in the group with-
out fraud problems. Also, the percentage of undetermined
companies in the group without fraud problems is higher
than that in the group with fraud problems, suggesting that
firms with fraud problems have characteristics related to
problem occurrence.

The proposed method [17] enabled creation of discrim-
inants without bias among the groups, yielding respec-
tive discrimination rates of 75.2% and 72.0% in the fraud
problem group and normal group. These results con-
firmed the proposed method is applicable to fraud predic-
tion.

When considering application to actual data, compa-
nies that the consultant should approach are those compa-
nies which have been determined as having a fraud prob-
lem within the group without fraud problems. However,
some companies that have been identified as having fraud
problems are those which have a high probability of ac-
tually having fraud problems, while others are difficult to
distinguish and are misidentified. Supporting companies
with a high probability of fraud problems must be done ef-
ficiently because consultants have limited resources. This
study specifically addresses the issue of fraud problems,
which entails uncertainty. Many companies among the
companies which are determined to have no fraud prob-
lems might actually have fraud problems. To identify
companies that must take the approach, the possibility of
fraud problems is calculated from the discrimination score
using a logistic regression model.

Tables 7 and 8 present results obtained from calculat-
ing the fraud probability in the best solution. Table 7
presents results for the fraud problem group. Table 8
presents results obtained for the normal group.

Regarding fraud, companies that the consultant must
support are those companies determined to have a fraud
problem in the normal group (Table 8). It is difficult to de-
termine which of the five companies that have been iden-
tified as having fraud problems in the binary classifica-
tion should be assigned priority. By calculating the fraud
problem occurrence probability, one can determine which
company should be supported. As described hereinafter,
after verifying the effectiveness of the support method
which introduced the occurrence probability, the results
are compared with forecast results given by consultants.

Int. J. of Automation Technology Vol.14 No.5, 2020



Table 7. Probability of fraud (fraud problem group).

Text Mining to Support Consulting Services for
Client Company State Recognition

Table 9. Extracted words.

Paid
Part time job

Allowance

Number

Main rule

Trial calculation
Profit
Postscript

Settlement

Applicable

Table 10. Consultant’s reason of inference.

No fraud has been reported yet. Cash management and profit
management are poor. Therefore, one would not notice even
if someone were fraudulent.

Discrimination by binary
Company classification Prob. of
ID - fraud
Judgment No. companies
1 7.32
2 Normal 4 742
3 8.41
4 9.06
5 9.63
6 9.95
7 10.22
8 12.64
i Fraud 10 13.34
10 13.87
11 16.60
12 24.79
13 32.20
14 100.0

Table 8. Probability of fraud (normal group).

Discrimination by binary
Company classification Prob. of
b Judgment No. companies fraud
21 0.35
22 0.44
23 1.62
24 2.06
25 2.25
26 Normal 11 2.76
27 3.79
28 4.17
29 4.50
30 4.84
31 5.21
32 7.61
33 11.07
34 Fraud 5 13.72
35 23.35
36 100.0

3.4. Comparison with Consultant Forecast and
Survey Results
To verify the effectiveness of this method for com-
panies, even considering uncertainties, consultants con-
ducted a forecast of fraud problems and interviewed client
and companies.

Int. J. of Automation Technology Vol.14 No.5, 2020

In a family business, accounting is for relatives only. Be-
cause a human relationship is involved, one feels that no in-
justice occurs, but there is an environment that allows unjust
acts.

Although each employee works separately, no management
system exists; employee education is done solely through on-
the-job training.

Taxi businesses handle cash and might be fraudulent.

It seems that the risk is high because there are many foreign
(part time job) employees.

3.4.1. Comparison of Extracted Words and Factors
for Predicting Fraud: Consultants

Table 9 presents 10 words with strong factors in
the group with fraudulent problems extracted using this
method. Table 10 shows reasons why a consultant pre-
dicted that a problem occurred in fraud problem predic-
tion. Words that are bold also appear in the consultant’s
reason of inference. A “part-time job” is consistent with
the consultant’s finding that part-time jobs are associated
with the occurrence of fraud problems. The word “profit”
is also associated with fraud problems in client companies
for which profit management is poor.

This study is intended to discover factors related to the
occurrence of fraud problems of which the consultant is
unaware. However, results confirmed that the proposed
method can extract words and phrases matching the con-
sultant’s knowledge.

3.4.2. Probability of Fraud Using a Logistic Curve

Figure 9 shows a graph obtained by converting the dis-
crimination scores of Section 3.3 into probabilities using
logistic regression. The horizontal axis shows the com-
pany numbers. The vertical axis shows the probability
that fraud has occurred.

As for company numbers, 1-18 are of the fraud prob-
lem group; 19-34 are from the normal group. Accord-
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ax

Fraud Problem group Normal group

X :The company that the
consultant estimated that
fraud problem had occurred

L D : Correct answer area

: Error answer area
: The company that was
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Fig. 9. Probability of fraud.

ingly, the white area is a company for which the deter-
mination is correct. The light gray and dark gray areas
are companies for which the determination was incor-
rect. However, because the fraud problem includes un-
certainty, consultants predicted and conducted interviews
with client companies about companies that did not de-
scribe the fraud problem in the text data. Crosses show
companies for which the consultant estimated the possi-
bility of fraud as high because of the company character-
istics. Diamonds denote companies that were interviewed
directly. Black ones represent companies that had a fraud
problem. White ones represent companies that found no
fraud problem.

Even for companies that have no description of a fraud
problem in the text data, this method was able to find that
a company that is likely to have a fraud problem based on
a consultant’s guess or interview is likely to have a fraud
problem. Additionally, it was also confirmed that compa-
nies determined to have a low probability of fraud prob-
lems found no fraud problems through interviews. Re-
sults suggest that the proposed method is useful to iden-
tify companies that have found a fraud problem, although
the text data include no description of the discovery of a
fraud problem.

A support system that predicts problem occurrence is
realized using this method. It can engender the provision
of stable quality of service and support the rapid develop-
ment of new employees.

4. Conclusions

This study was conducted to devise a method to sup-
port consulting service companies so that the companies
can respond to client demands irrespective of the com-
pany expertise. Occurrence of future problems at client
companies is predicted using text mining with data ob-
tained from a consulting company. To those data, cor-
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respondence analysis and DEA discriminant analysis are
then applied. This report presents a proposal of extending
a method to predict problems that include uncertainty. As
described herein, computer experiments were conducted
to verify the effectiveness of the proposed method by
comparison with consultants’ knowledge and results of
interviews conducted with client companies.
The obtained results are summarized below.

o The proposed method made it possible to create dis-
criminants without bias among the groups, yielding
respective discrimination rates of 75.2% and 72.0%
in the fraud problem group and normal group. Re-
sults confirmed that the group without fraud prob-
lems had a lower discrimination rate than the group
with fraud problems because some companies actu-
ally had fraud problems.

e This method identified that a company which is
likely to have a fraud problem attributable to a con-
sultant’s guess or interview is likely to have a fraud
problem, even for companies that have no descrip-
tion of a fraud problem in the text data. Results sug-
gest that the proposed method is useful to infer com-
panies that have found a fraud problem, even when
the text data include no description of a fraud prob-
lem discovery.

As described herein, the method to support state recog-
nition in consultants’ client companies was proposed, but
a support method for the consultant’s judgment system is
also necessary to construct supplementary systems. Ap-
plication of machine learning and extension of support
methods remain as tasks for future study.
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