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ABSTRACT

The deployment of Artificial Intelligence (AI) in the manufacturing context is said to
provide significant benefits to organizations. However, many manufacturers struggle
to meet the requirements necessary for the use of AI technologies within their com-
pany. A major challenge is linking and processing the existing data into a way in which
it can be reliably processed by AI algorithms. This is especially relevant in established
companies characterized by a historically grown bulky and decentralized IT infrastru-
cture. Moreover, in many of these companies there is no common understanding of
data consistency. Therefore, we investigate the diverse dimensions of data consiste-
ncy and set the foundation for a maturity model to assess a company division’s status
quo. Based on our literature review and four interdisciplinary and iterative worksh-
ops conducted with experts from an automotive OEM, we developed the concept of a
maturity model for data consistency that provides situation-specific recommendations
for further improvement.

Keywords: Data consistency, Data continuity, Enterprise legacy systems, Future factories, AI
services, AI requirements, Data set, Maturity model

INTRODUCTION

With the rise of AI in recent years, the importance of data as basis for operati-
onal and strategic excellence of manufacturers has increased. However, many
companies find themselves in a world of (outdated) legacy systems with an
amount of data that is continuously increasing (Steven, 2018). Especially in
industries with a high level of customization, resulting in complex products
and production processes, manufacturers still struggle to reach system intero-
perability and continuity all over their software infrastructure (Huang et al.,
2020).

A company-wide interconnected data set is the base for advanced informa-
tion exploitation and new technological possibilities, such as for advanced
analytics, smart applications, or highly efficient AI solutions (Kuhn and
Franke, 2021). Hence, it is necessary to connect existing systems and ove-
rcome data and information silos (Breivold, 2019). To drive improvement, it
is necessary to measure progress from a data perspective. This is especially
relevant for companies implementing a uniform data governance.
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Therefore, our work aims to develop a multi-level maturity model, which
enables divisions or business units to classify themselves in terms of their
current level of data consistency and provides situational recommendations
towards seamlessly interconnected enterprise IT systems. The application of
our instrument should allow a structured and holistic evaluation of a business
unit’s current position on its journey to full data consistency. A catalogue of
criteria for an objective measurement is to be developed and is supposed to
be applicable by industry experts without further guidance. The recommen-
dations for action will allow its users to derive specific measures tailored to
the current level of maturity.

NEED FOR A MATURITY MODEL TO MEASURE DATA CONSISTENCY

In the manufacturing context, the modernization of legacy enterprise systems
is a challenge faced by many organizations looking to leverage new techno-
logies in order to meet the demands of high scalability and high availability
(Furda et al., 2018). Often, companies still operate legacy systems characte-
rized by old processes, systems, or application programs, even though newer
technologies are now available (Jha et al., 2014). One of the overarching
goals is to connect all manufacturing and automation processes and seam-
lessly integrate systems to overcome the still predominant information silos
(Breivold, 2019).

Achieving a high level of data consistency as an established manufacturer
is a success critical highly complex undertaking that requires a step-by-step
approach (Witsch and Vogel-Heuser, 2012). To be effective, the measures to
be taken must be tailored to the current state of development. This requires an
assessment of the organization’s current maturity level and the identification
of appropriate measures that contribute to accomplish the next level.

The maturity model developed is intended to contribute to this assessment.
As the establishment of a company-wide interconnected data set is a funda-
mental requirement for advance technologies like AI services and machine
learning solutions (Kuhn and Franke, 2021) our maturity model aims to ena-
ble manufacturing companies to benefit from the potential of these promising
solutions. Furthermore, our work is intended to contribute to a common
understanding of data consistency.

CONCEPTUAL BACKGROUND

In literature, there is uncertainty about a common definition of data con-
sistency, its properties, and dimensions (Wada et al., 2011). Furthermore,
the terms “data consistency” and “data continuity” are used synonymously
(Furda, 2018; Kizipinar, 2021; Wada et al., 2011) whereas others use the
paraphrase of a seamless and fully integrated system (IEC, 2015). The vari-
ety of terms used in literature points out that there is a lack of a uniform
terminology. In most cases, the understanding of data consistency only covers
the technical level. However, this isolated view leaves out important aspects
that are also relevant for understanding and achieving data consistency in
established companies. For this reason, we want to contribute to a holistic
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and interdisciplinary understanding of the concept of data consistency. We
use the HTO Framework (Karltun et al., 2017; Karwowski et al., 1994)
as a starting point to investigate the diverse dimensions of the term data
consistency. This concept allows to gain a holistic understanding of what
data consistency means in manufacturing related organizations considering
human, organizational and technological aspects.

To determine a company’s status quo in a specific area, the concept of
maturity models has proven to be suitable (Wendler, 2012). In recent years,
a variety of such models were developed for a wide range of applications.
While some of these concepts focus on more very specific topics like digital
business processes (Bitcom, 2020) others are designed to meet the needs of a
single sector or industry (Machado et al., 2021). Some models follow a more
generic approach to allow a holistic evaluation of a manufacturer’s current
state of digitalization (Schuh et al., 2020; Weber et al., 2017). Others use
existing approaches from the field of data quality assessment, but with a
narrower understanding (Bleiholder and Steinhäußer, 2011). However, none
of these approaches provides a holistic and interdisciplinary understanding
of data consistency.

RESEARCH METHOD

To achieve the goal of this work, a literature review is executed to identify
existing maturity models from different research fields. In addition, our lite-
rature review covered existing stages of operational data management and
architecture as well as methods to enable the quantifiability of data-related
maturity. Based on our literature review, four interactive expert worksh-
ops were conducted to elaborate a common understanding of the term data
consistency by following an iterative process. To gain a holistic view from
different perspectives, project managers of an automotive OEM, IT business
consultants, engineers of a large software provider and representatives of
the scientific community were brought in for the first three workshops. The
results were then reviewed and discussed with the OEM’s senior management
as well as representatives of a leading cloud provider. Adaptations, comments
and change requests were brought together in a final workshop to create a
common understanding of data consistency.

Based on this preliminary work, a first version of a five-level maturity
model was developed. After an initial revision by experts with several years
of experience within the field of IT development, the model was tested for
comprehensibility and applicability. Therefore, we executed case studies in
two production-related IT departments. In a last step, the results of our case
studies were discussed.

A MATURITY MODEL FOR DATA CONSISTENCY

To develop a common understanding of the term data consistency among all
participants, four interactive expert workshops were conducted to iteratively
discuss the phenomenon with all its dimensions and characteristics in detail.
As a result of this steps, the experts came up with a total of 25 elements that
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Figure 1: Elements of data consistency.

allow a comprehensive description of data consistency in a manufacturing
context. According to the HTO approach these elements were allocated to
the three dimensions Human, Technology and Organization (see fig. 1).

The path to a data-centric organization is individual for each company. The
implementation of company-wide data consistency always requires a reorga-
nization of IT systems and processes and is usually a transformation process
lasting several years. At the beginning of every transformation, a current state
analysis is necessary to clearly define the objectives. As mentioned before,
maturity models are particularly suitable for recording the status quo of a
transformation and making progress measurable. In Germany, the Acatech
Industry 4.0 Maturity Index was developed to give guidance to companies
on their way to the full implementation of Industry 4.0. This practically ori-
entated maturity model examines companies from a cultural, technological,
and organizational perspective (Schuh et al. 2017).

By combining our understanding of the term data consistency and its 25
elements with the underlying logic of the widely used Acatech Industry 4.0
Maturity Index, the result of our work is a maturity model for data con-
sistency. It consists of the following levels: (1) Patchy and incomplete data
basis, (2) Data silos: Lack of connectivity between areas, (3) Resolution of
interface problems: Complexity reduction, (4) Data consistency: Transpare-
ncy across all processes, (5) Data consistency as an enabler for (autonomous)
self-optimization (Fig. 2).

Using a specifically developed questionnaire, our instrument enables a
comprehensive assessment of the status quo based on the identified 25 ele-
ments of data consistency. Fig. 3 shows how the individual elements are
interlinked.

The levels of the maturity model reflect the increasing requirements
on the IT systems of a company and its organization. This means that
maturity level 2 can be achieved with less effort than level 4, for exam-
ple. The maturity levels thus build on each other. It is also a que-
stion of corporate strategy which level is to be reached as transformation
processes also take place against the background of a cost and benefit
perspective.
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Figure 2: Multi-level maturity model for data consistency.

Figure 3: Structure and levels of the maturity models.

Levels of the Maturity Model

Patchy and incomplete data basis - Level 1: The result of structures that have
grown over the years is a patchy and incomplete database. The pressure of
digitization and the accumulation of ever new transitional solutions lead to
an inhomogeneous IT system world that does not meet the existing requi-
rements. Insufficient investments in IT systems result in low productivity
and high manual effort. Organizational processes as well as system respon-
sibilities are not clearly defined. Existing lack of understanding for business
challenges and the relevance of information technology. Bureaucratic hurdles
to innovation.

Data silos: Lack of connectivity between areas - Level 2: In this stage tech-
nical solutions towards data consistency are developed but only with focus
on divisions or business units. Data silos are created by delimited system
worlds. Improvements in the IT landscape already have a positive impact
on productivity within the optimized areas. Regulations and processes are
defined, but approaches differ across divisions. The willingness to cooperate
and the awareness of business challenges only exist within the divisions (silo
thinking).



324 Feike and Christel

Resolution of interface problems: Complexity reduction - Level 3: Level
of customized interface solutions. Access to data is possible across divisions,
but there are widespread interface problems between IT systems. Efficiency
and productivity can be further improved, especially by optimizing interfaces.
Roles and rights management is sometimes contradictory, and responsibi-
lities are not defined across systems. Although working together on data
consistency, business units act within the existing legacy systems.

Data consistency: Transparency across all processes - Level 4: Stage of
a holistic solution for data consistency and the avoidance of media discon-
tinuity. All processes are mapped precisely. Data is available anytime and
anywhere. No inconsistencies between systems. Low maintenance effort
and high saving potentials realized through optimized processes. IT systems
ensure high productivity. Cross-divisional distribution of roles, rights, and
responsibilities. An elaborated data governance concept is present. Under-
standing of the added value of data, the possibilities of IT and necessary
organizational changes.

Data consistency as an enabler for (autonomous) self-optimization-
Level 5: In this stage IT Systems enable self-optimizing production and logi-
stics processes. Together with a complete database, artificial intelligence
programs can be brought in. Synchronized data lakes function as a single
source of truth. There is no interference due to interface problems. Pro-
cesses are automatically updated. New business models and massive saving
potentials are created with the help of full data consistency. Group-wide data
strategy serves as the basis for all IT-related decisions. Living data culture.
The company’s organizational structure follows the IT architecture.

A catalog of criteria was developed for the self-assessment of the maturity
level (appendix, table 1). Industry experts can use this systematic approach
to measure progress during the transformation. Looking at the results of an
assessment, the areas examined are by no means always at the same matu-
rity level. For example, the technological area may already be significantly
more developed than the organizational level. However, the maturity model
indicates which of the 25 elements require special attention and thus enables
the prioritization of resources to the identified constraints. In terms of gui-
dance, recommendations are presented to improve vulnerabilities. Especially
for the current state analysis, the maturity model is a suitable tool to enable
comparability across divisions or business units.

CONTRIBUTIONS, LIMITATIONS AND OUTLOOK

Our work contributes to an integrated understanding of the phenomenon
of data consistency in an organizational context. Allocating the elements of
data consistency to the three dimensions of the HTO-approach enables an
extended consideration beyond a purely technological level. The maturity
model enables organizations and departments to determine their status and
derive situation-specific measures. In addition, our method allows to track
progress over time and creates comparability between different units.

Of course, this research does not come without limitations. First, the gene-
ralizability of our results is limited, as we only used one case of a German



Towards a Maturity Model to Measure Data Consistency in the Manufacturing Industry 325

Ta
b
le

1.
C

at
al

o
g

o
f

cr
it

er
ia

fo
r

in
d

u
st

ry
ex

p
er

ts
to

se
lf

-a
ss

es
s

th
e

m
at

u
ri

ty
le

ve
l(

ex
am

p
le

o
f

th
e

d
im

en
si

o
n

“t
ec

h
n

o
lo

g
y”

).

Q
ue

st
io
n

Pa
tc
hy

an
d

in
co

m
pl
et
e

da
ta

ba
si
s

D
at
a
si
lo
s:
L
ac
k
of

co
nn

ec
tiv

it
y
be
tw

ee
n

ar
ea
s

R
es
ol
ut
io
n
of

in
te
rf
ac
e

pr
ob

le
m
s:
C
om

pl
ex
it
y

re
du

ct
io
n

D
at
a
co
ns
is
te
nc
y:

T
ra
ns
pa

re
nc
y
ac
ro
ss

al
l

pr
oc
es
se
s

D
at
a
co
ns
is
te
nc
y
as

an
en
ab

le
r
fo
r
(a
ut
.)
se
lf
-o
pt
.

M
ap

pi
ng

of
pr
oc

es
se
s

A
re

pr
oc

es
se

s
up

-t
o-

da
te

+
pr

ec
is

el
y

m
ap

pe
d?

Pr
oc

es
se

s
ar

e
no

t
m

ap
pe

d.
Pr

oc
es

se
s

ar
e

on
ly

pa
rt

ia
lly

m
ap

pe
d.

Pr
oc

es
se

s
ar

e
m

ap
pe

d
co

m
pl

et
el

y,
bu

t
or

ga
ni

ze
d

de
ce

nt
ra

lly
.

A
ll

pr
oc

es
se

s
ar

e
m

ap
pe

d
re

al
is

ti
ca

lly
an

d
pr

ec
is

el
y.

Pr
oc

es
se

s
up

da
te

co
nt

in
uo

us
ly

.

A
va
ila

bi
lit
y

D
at

a
ac

ce
ss

po
ss

ib
le

?
A

cc
es

s
to

th
e

da
ta

is
no

t
po

ss
ib

le
.

D
at

a
is

av
ai

la
bl

e
in

si
lo

s,
bu

t
no

t
in

ot
he

r
ar

ea
s.

D
at

a
is

av
ai

la
bl

e,
bu

t
w

it
h

m
an

y
in

te
rf

ac
es

be
tw

ee
n

ar
ea

s.

A
ll

da
ta

is
av

ai
la

bl
e

an
yt

im
e

an
d

an
yw

he
re

.
D

at
a

is
pr

ov
id

ed
pr

oa
ct

iv
el

y.

Pr
iv
ac
y
an

d
se
cu

ri
ty

Te
ch

ni
ca

ld
at

a
pr

ot
ec

ti
on

co
nc

ep
t

de
fi

ne
d?

D
at

a
pr

ot
ec

ti
on

co
nc

ep
t

do
es

no
t

ex
is

t.

D
at

a
pr

ot
ec

ti
on

is
on

ly
el

ab
or

at
ed

in
th

e
ow

n
ar

ea
.

T
he

cr
os

s-
do

m
ai

n
co

nc
ep

t
ex

is
ts

,b
ut

w
it

h
in

co
ns

is
te

nc
ie

s
be

tw
ee

n
sy

st
em

s.

D
at

a
pr

ot
ec

ti
on

co
nc

ep
t

ex
is

ts
ac

ro
ss

al
la

re
as

.
A

ut
ho

ri
za

ti
on

s
ar

e
cl

ar
if

ie
d.

Se
lf

-m
on

it
or

in
g

sy
st

em
s.

A
ut

om
.m

on
it

or
in

g
m

ec
ha

ni
sm

s
in

te
gr

at
ed

in
to

da
ta

pr
ot

ec
ti

on
co

nc
ep

t.
T
ra
ns
pa

re
nc
y

an
d

tr
ac
ea
bi
lit
y

D
at

a
st

or
ed

tr
an

sp
ar

en
tl

y
in

th
e

sy
st

em
?

C
le

ar
al

lo
ca

ti
on

s
ar

e
no

t
av

ai
la

bl
e.

D
oc

um
en

ta
ti

on
do

es
no

t
ex

is
t.

D
at

a
is

st
or

ed
in

a
tr

ac
ea

bl
e

m
an

ne
r

w
it

hi
n

th
e

ar
ea

.
D

oc
um

en
ta

ti
on

w
it

hi
n

th
e

ar
ea

ex
is

ts
.

D
at

a
is

tr
ac

ea
bl

e
ac

ro
ss

de
pa

rt
m

en
ts

bu
t

in
te

rf
ac

es
ca

us
e

pr
ob

le
m

s.
T

he
do

cu
m

en
ta

ti
on

is
no

t
co

ns
is

te
nt

ac
ro

ss
sy

st
em

s.

U
ni

fo
rm

an
d

tr
an

sp
ar

en
t

da
ta

fl
ow

in
th

e
sy

st
em

.C
ha

ng
es

do
cu

m
en

te
d.

M
et

ad
at

a
de

sc
ri

be
d,

da
ta

m
ap

av
ai

la
bl

e.

T
ra

ce
ab

ili
ty

is
gi

ve
n

in
al

l
ar

ea
s.

A
“s

in
gl

e
so

ur
ce

of
tr

ut
h”

ha
s

be
en

es
ta

bl
is

he
d.

A
vo

id
an

ce
of

m
ed

ia
di
sc
on

ti
nu

i-
ti
es

D
o

in
te

rf
ac

es
ex

is
t

be
tw

ee
n

th
e

le
ga

cy
sy

st
em

s?
(C

on
ne

ct
io

n
of

da
ta

sy
st

em
s)

L
ar

ge
nu

m
be

r
of

m
ed

ia
br

ea
ks

in
pr

oc
es

se
s.

N
o

m
ed

ia
di

sc
on

ti
nu

it
ie

s
w

it
hi

n
th

e
ow

n
ar

ea
.N

o
in

te
rf

ac
es

to
ot

he
r

ar
ea

s
(s

ilo
so

lu
ti

on
).

In
te

rf
ac

es
ar

e
co

m
pa

ti
bl

e.
H

ow
ev

er
,t

oo
m

an
y

in
di

vi
du

al
cu

st
om

so
lu

ti
on

s
st

ill
ex

is
t.

T
he

re
ar

e
fe

w
m

ed
ia

br
ea

ks
,b

ut
in

te
rf

ac
es

ar
e

op
ti

m
iz

ed
fo

r
al

la
re

as
.

T
he

da
ta

ca
n

be
tr

an
sf

er
re

d.

O
nl

y
on

e
sy

st
em

av
ai

la
bl

e:
D

at
a

la
ke

.
In

te
rf

ac
e

pr
ob

le
m

s
ar

e
no

lo
ng

er
a

hu
rd

le
.

D
at
a

co
nt
in
ui
ty

D
at

a
st

or
ed

co
ns

is
te

nt
ly

in
al

l
sy

st
em

s?

In
co

ns
is

te
nc

ie
s,

an
d

in
co

m
pl

et
e

in
fo

rm
at

io
n

/
ca

us
e

pr
ob

le
m

s.

D
up

lic
at

es
/e

rr
or

s
in

th
e

sy
st

em
ex

is
t,

bu
t

ra
re

ly
oc

cu
r

w
it

hi
n

a
de

fi
ne

d
ar

ea
.

C
ro

ss
-d

om
ai

n
da

ta
co

ns
is

te
nc

y.
M

an
ua

l
m

ai
nt

en
an

ce
ef

fo
rt

du
e

to
di

sc
on

ti
nu

it
ie

s.

N
o

in
co

ns
is

te
nc

ie
s

be
tw

ee
n

th
e

sy
st

em
w

or
ld

s.
M

ac
hi

ne
da

ta
is

de
sc

ri
be

d
un

if
or

m
ly

.

A
ch

ie
ve

d
si

ng
le

so
ur

ce
of

tr
ut

h
en

ab
le

s
re

al
-t

im
e

sy
nc

hr
on

iz
at

io
n

in
al

l
do

w
ns

tr
ea

m
sy

st
em

s.



326 Feike and Christel

OEM. Second, the recommendations, resulting from our maturity model do
not consider the resources required for each measure and their constraints
within an organization. Third, there are multiple interdependencies between
the overall dimensions (human, technology, and organization) which makes
an isolated consideration of some criteria difficult. The following implicati-
ons for further research can be made. Further research and publications will
be necessary to help companies understand the relevance of seamlessly inte-
rconnected IT systems, especially in regards of international competitiveness.
As our research shows, the phenomenon of data consistency needs further
explanation. In order to verify the validity of our results, the individual
elements should be examined for their transferability to other industries.

APPENDIX

See Table 1.
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