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Abstract The ecosystem of big data technologies and ad-

vanced analytics tools has evolved rapidly in the last years 

offering companies new possibilities for digital transfor-

mation and data-driven solutions. Industry 4.0 represents 

a major application domain for big data and advanced an-

alytics in order to exploit the huge amounts of data gener-

ated across the industrial value chain. However, building 

and establishing an Industry 4.0 analytics platform in-

volves far more than tools and technology. In this paper, 

we report on our practical experiences when building the 

Bosch Industry 4.0 Analytics Platform and discuss chal-

lenges, approaches and future research directions. The an-

alytics platform is designed for more than 270 factories as 

part of Bosch’s worldwide manufacturing network. We 

describe use cases and requirements for the analytics plat-

form and present its architecture. On this basis, we discuss 

practical challenges related to analytical solution develop-

ment, employee enablement, i.e., citizen data science, as 

well as analytics governance and present initial solution 

approaches. Thereby, we highlight future research direc-

tions in order to leverage advanced analytics and big data 

in industrial enterprises. 

Keywords data analytics, big data, platform, architecture, 

citizen data scientist, analytics governance, Industrie 4.0 

1. Introduction 

The ecosystem of big data and advanced analytics tech-

nologies has evolved rapidly in the last years [29]. Ma-

chine learning, artificial intelligence and data science offer 

companies across all sectors new possibilities for digital 

transformation and data-driven solutions [7]. Industry 4.0 

represents a major application domain for advanced ana-

lytics and big data in order to exploit the huge amounts of 

data generated across the industrial value chain and ena-

ble, for instance, self-optimizing manufacturing processes 

and enhanced customer integration [13, 27]. However, 

building and establishing an Industry 4.0 analytics plat-

form involves far more than tools and technology. In this 

paper, we report on our practical experiences at Bosch 

when building an Industry 4.0 analytics platform for a 

global industrial enterprise and discuss practical chal-

lenges, approaches and future research directions. 

The Bosch Industry 4.0 Analytics Platform is designed 

for more than 270 factories as part of Bosch’s worldwide 

manufacturing network enabling, e.g., data-driven process 

optimization and predictive maintenance. We describe use 

cases and requirements for the analytics platform and pre-

sent its architecture. Based on our practical experiences 

when realizing the platform at Bosch, we investigate ma-

jor challenges and approaches going beyond purely tech-

nological questions. That is, we discuss aspects related to 

analytical solution development, employee enablement as 

well as governance and present initial solution ap-

proaches. At this, we highlight future research directions 

in order to leverage advanced analytics and big data in in-

dustrial enterprises. 

The remainder of this paper is organized as follows: 

First, we give an overview of Industry 4.0 and data-driven 

manufacturing as conceptual foundation of our work in 

Section 2. Next, we present Bosch’s business and its 

worldwide manufacturing network in Section 3 to illus-

trate the industrial setting. This forms the basis for the de-

sign of the Bosch Industry 4.0 Analytics Platform which 

is detailed in Section 4 regarding use cases, requirements 

and architecture. In Section 5, we analyze challenges and 

approaches when realizing the platform and point out fu-

ture research directions. Finally, we summarize our work 

and conclude in Section 6. 
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2. Industry 4.0, Data Analytics and  

Data-Driven Manufacturing 

As conceptual basis of our work, we first give an overview 

about Industry 4.0 and data analytics in Section 2.1. Then, 

we detail data-driven manufacturing as a core element of 

Industry 4.0 in Section 2.2. 

2.1. Industry 4.0 and Data Analytics 

Industry 4.0, respectively Industrie 4.0, is a general term 

referring to the next generation of industrial value genera-

tion based on the comprehensive use of internet-of-things 

(IoT) technology and cyber-physical systems [3]. It relates 

to the fourth industrial revolution after mechanization, 

electrification and informatization and aims at the com-

plete digital interconnection of all processes and objects 

across the industrial value chain. The vision is to realize 

self-optimizing processes and products, to achieve dra-

matical improvements in productivity as well as agility 

and to realize novel types of services [5]. Industry 4.0 has 

its roots in an initiative of the German government and can 

be seen as a pendant to the US-driven approach of the In-

dustrial Internet [20]. 

The intense employment of IoT technology and cyber-

physical systems across the industrial value chain leads to 

huge amounts of heterogeneous data comprising, for ex-

ample, product model data from engineering, machine 

sensor data from manufacturing as well as telemetry data 

from product usage [24]. Extracting business insights and 

knowledge from these data, e.g., for predictive mainte-

nance or manufacturing quality analyses, is one of the ma-

jor challenges in Industry 4.0 [13, 18]. Thus, Industry 4.0 

constitutes a major application domain for data analytics 

and the goal-oriented use of data analytics techniques rep-

resents one of the critical success factors for the realization 

of Industry 4.0. 

In this paper, we use the term data analytics as a broad 

and general term for all data-driven analysis techniques 

and concepts across enterprise data and big data, because 

we observe many uncertainties about related terms in our 

daily work and in current literature [9, 11]. That is, we ex-

plicitly subsume techniques and concepts on business in-

telligence [23], big data [9], data mining [19], artificial 

intelligence [35] and advanced analytics [4] under the 

term data analytics. A data analytics platform generally 

refers to an information system for analytical data pro-

cessing [23]. 

2.2. Data-Driven Manufacturing 

To structure Industry 4.0 as an application domain of data 

analytics, we take a product-life-cycle-oriented view on 

the industrial value chain and differentiate between prod-

uct development, product manufacturing as well as prod-

uct usage and recycling [41]. Data-driven manufacturing 

specifically refers to the application of data analytics in 

product manufacturing [15, 39]. In the following, we focus 

on data-driven manufacturing as it constitutes the first 

practical application area of the Bosch Industry 4.0 Ana-

lytics Platform. 

On a conceptual level, data-driven manufacturing is 

comprised of three phases which represent a learning cy-

cle [15]. The goal is to realize continuous data-driven im-

provement by extracting knowledge and insights from 

data as follows (see Figure 1): 

• The starting point is an existing manufacturing pro-

cess and related source data from various systems 

across all hierarchy levels of manufacturing, for exam-

ple, from machines, manufacturing execution systems 

(MES), enterprise resource planning (ERP) systems or 

customer relationship management (CRM) systems. 

• Data integration is about the collection, cleansing, in-

tegration and historization of all these heterogenous 

source data to provide a harmonized data basis for fur-

ther analyses. 

• Analysis refers to the comprehensive evaluation of 

data by applying various data analytics techniques 

such as metric calculations, reporting or machine 

learning. 

• Optimization is about deriving and implementing con-

crete improvement actions based on the generated an-

alytical results to adapt the process, e.g., by changing 

specific machine parameters. 

• Finally, the adapted process is executed again and 

generates new data as a basis for the next iteration of 

the cycle. 

To leverage data-driven manufacturing, both organiza-

tional and IT-technical aspects have to be taken into ac-

count, e.g., to replace historically grown time-triggered 

 

Figure 1: Concept of data-driven manufacturing 
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production planning by an event-triggered concept [39]. In 

this paper, we focus on IT-technical aspects, in particular, 

the design of a suitable data analytics platform. 

3. Bosch Business and  

Bosch Manufacturing Network 

In the following, we present a short overview of the busi-

ness of Bosch and its global manufacturing network in or-

der to illustrate the industrial setting of our work. 

Bosch is a leading global supplier of technology and 

services with around 390.000 employees and 73 billion 

euros sales revenue represented in roughly 150 countries 

worldwide [37]. The business of Bosch is structured ac-

cording to four business sectors comprising automotive 

technology, industrial technology, energy and building 

technology as well as consumer goods. 

The worldwide manufacturing network of Bosch spans 

across all business sectors and is comprised of more than 

270 factories. They are located in Europe, the Americas 

and Asia Pacific and manufacture a broad range of prod-

ucts from sensors for cars and smartphones over battery 

systems and electrical drives to power tools and solar ther-

mal systems. Thus, there is a huge variety of manufactur-

ing processes from highly automated large-scale produc-

tion to single-item order production. This leads to an enor-

mous diversity of manufacturing data sources comprising 

specialized MES and quality management systems, com-

pletely different types of manufacturing machines as well 

as miscellaneous sensor-based measuring systems. 

In view of this historically grown and comprehen-

sively optimized manufacturing network, it is one of the 

strategic objectives of Bosch to apply Industry 4.0 con-

cepts to further on ensure global competitiveness, agility 

and productivity of its manufacturing capabilities. Ena-

bling data-driven manufacturing is an essential element of 

Bosch’s Industry 4.0 initiative and the corresponding data 

analytics platform is detailed in the following section.  

4. Bosch Industry 4.0 Analytics Platform 

The Bosch Industry 4.0 Analytics Platform is a standard-

ized Bosch-internal data analytics platform for Indus-

try 4.0 to exploit the huge amounts of data across Bosch’s 

worldwide manufacturing network and generate valuable 

business insights. In the following, we first detail use cases 

and requirements for the platform in Section 4.1 and 4.2. 

Next, we present the architecture of the platform as well 

as its deployment in Section 4.3. 

4.1. Data Analytics Use Cases 

The Bosch Industry 4.0 Analytics Platform is designed 

from the beginning on for the entire industrial value chain 

comprising product development, product manufacturing 

as well as product usage and recycling. In the following, 

we focus on product manufacturing, that is, data-driven 

manufacturing (see Section 2.2), as it constitutes the first 

application area which we gained comprehensive practical 

experiences on. The pre- and post-manufacturing phases 

will be in the focus of subsequent application areas. 

There is a huge variety of data analytics use cases in 

data-driven manufacturing which can be structured ac-

cording to process scope and analytical capabilities (see 

Figure 2). Regarding process scope, use cases can refer to 

single process steps or resources, to an entire process con-

sisting of several steps or to several processes across the 

value chain. Analytical capabilities are technology-inde-

pendent and can be differentiated in descriptive, diagnos-

tic, predictive and prescriptive analytics with increasing 

functional power [21]. Descriptive analytics focus on 

transparency and describe existing data structures typi-

cally by calculating metrics, e.g., in a scrap report for a 

certain machine. Diagnostic analytics aim at root cause 

analyses, for instance, to identify root causes of declining 

process quality. Predictive analytics focus on forecasting, 

e.g., to predict process quality. Prescriptive analytics, the 

most powerful and most complex form, focus on optimi-

zation and generate concrete action recommendations for 

a defined goal, e.g., to derive optimal logistics procedures 

minimizing lead times across the value chain. 

 

Figure 2: Sample data analytics use cases in data-driven  

manufacturing 
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In view of the complexity of Bosch’s worldwide man-

ufacturing network, its processes and data sources (see 

Section 3), we do not rely on single use cases or specific 

data sources to define the requirements of the Bosch In-

dustry 4.0 Analytics Platform. Instead, we follow a ge-

neric approach to design a standardized and generic data 

analytics platform which is able to address the whole 

range of data analytics use cases in data-driven manufac-

turing as described in the following section. 

4.2. Requirements 

The design of the Bosch Industry 4.0 Analytics Platform 

is based on functional and non-functional core require-

ments (Ri). 

Functional core requirements are defined by data 

sources, analytical capabilities as well as target groups to 

be addressed by the platform as follows: 

• R1: The platform should support the whole range of 

structured and unstructured data sources, that is, clas-

sical enterprise data, e.g., from ERP and MES sys-

tems, user-generated data, e.g., spread sheets, ma-

chine and sensor data, e.g., from manufacturing ro-

bots, as well as unstructured content, e.g., photos taken 

by manufacturing quality systems [24]. 

• R2: The platform should support the whole range of 

analytical capabilities, i.e., descriptive, diagnostic, 

predictive and prescriptive analytics [21]. 

• R3: The platform should address the whole range of 

target groups which produce and consume analytical 

results, i.e., business users, business analysts and data 

scientists as well as technical systems such as ma-

chines [28]. 

Non-functional core requirements refer to essential qual-

ity attributes of the platform and are defined as follows: 

• R4: The platform should provide standardization of 

tools and governance concepts to ensure reusability 

and knowledge transfer. 

• R5: The platform should provide scalability across 

small data and big data to be universally applicable. 

• R6: The platform should provide different deployment 

options to be flexibly implementable. 

4.3. Architecture and Deployment 

To implement the core requirements, the conceptual archi-

tecture of the Bosch Industry 4.0 Analytics Platform is 

based on the Lamda architecture paradigm [30]. As shown 

in Figure 3, the architecture comprises all necessary com-

ponents to realize the three phases of data-driven manu-

facturing, namely data integration, analysis and optimiza-

tion (see Section 2.2). 

Data from structured and unstructured data 

sources (R1) is collected and ingested into both the batch 

layer and the speed layer. The batch layer focuses on batch 

processing of historic data in a raw data store or data lake, 

 

Figure 3: Conceptual architecture of the Bosch Industry 4.0 Analytics Platform 
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e.g., for data mining, and aggregates data in the serving 

layer, e.g., to populate a data warehouse with key perfor-

mance indicators. The speed layer facilitates near-real-

time data processing based on streaming techniques to cir-

cumvent the inherent latency of the batch layer. The speed 

layer either provides data directly for analysis and optimi-

zation on streaming data or feeds data into the serving 

layer. The latter contains various storage options, e.g., 

NoSQL systems or relational database management sys-

tems (RDBMS), to provide aggregated or application-spe-

cific data. The combination of the three layers facilitates 

scalability across small data and big data for both batch 

processing and near-real-time processing (R5). On top of 

these layers, various data analytics techniques are applied 

for analysis and optimization. They range from classical 

reporting and online analytical processing (OLAP) over 

planning and simulation to data mining and complex event 

processing realizing the whole range of analytical capabil-

ities (R2) for different types of data consumers. Data con-

sumers comprise human user groups, IT systems, e.g., 

MES, and machines which directly consume analytical re-

sults (R3). 

For all of these components, we did a comprehensive 

tool evaluation to define a standardized and integrated tool 

stack (R4). Due to confidentiality reasons, we do not list 

individual tools in this paper, but we can state that we 

make use of both open-source tools, particularly from the 

Hadoop ecosystem [1], and commercial tools. 

Regarding the deployment of this tool stack, a one-

size-fits-all approach with a single platform instance 

would not fit the heterogenous global manufacturing land-

scape of Bosch. This is why we provide different deploy-

ment options with a centralized operations manage-

ment (R6). Bosch-internal customers, particularly individ-

ual factories, can order the platform from the central IT 

division as a dedicated local deployment, make use of a 

central shared service or request a hybrid setup. 

5. Challenges, Approaches and  

Future Research Directions 

Taking into account the generic requirements of the Bosch 

Industry 4.0 Analytics Platform as well as the hetero-

genous global manufacturing landscape of Bosch, we 

were faced with manifold challenges when practically 

building and establishing the platform. In the following, 

we explicitly focus on challenges beyond tools and tech-

nology to illustrate the wide range of aspects which have 

to be addressed in order to successfully establish an Indus-

try 4.0 analytics platform. 

We present an overview of the challenges in Sec-

tion 5.1 and further discuss them in Sections 5.2 to 5.4. 

For each challenge, we describe the practical problem, 

point out state-of-the-art solutions, describe our own ap-

proach and highlight future research directions. 

5.1. Overview 

The practical challenges we encountered can be structured 

into three categories: Challenges referring to analytical 

solution development, challenges referring to employee 

enablement as well as challenges referring to governance. 

In the following, we investigate the major challenge in 

each category: 

• Developing standardized and reusable analytical ser-

vices (see Section 5.2) 

• Empowering business domain specialists to do ad-

vanced analytics (see Section 5.3) 

• Defining a holistic analytics governance (see Sec-

tion 5.4) 

5.2. Analytical Solution Development: 

Developing Standardized and Reusable  

Analytical Services 

Analytical solution development refers to the implementa-

tion of concrete data analytics use cases, e.g., for predic-

tive maintenance or scrap reporting. Our practical experi-

ence shows that we typically get specific implementations 

for each use case and each individual set of data sources 

(see Figure 4). For instance, predictive maintenance solu-

tions using data mining techniques are implemented from 

scratch across different factories and manufacturing pro-

cesses even if they apply to the same type of machine. That 

is, we significantly suffer from insufficient reusability and 

portability of analytical solutions across different ma-

chines, processes and factories leading to high implemen-

tation and maintenance costs. 

 

Figure 4: Individual use case implementations on the platform 
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In general, there are two major reasons for this: on the 

one hand, the use of different tools, e.g., different data 

mining tools, on the other hand, different data models and 

data preparation pipelines, even if the source data is of the 

same structure. Thus, the challenge is to develop stand-

ardized and reusable analytical services which can be 

parametrized and deployed across different machines, 

processes and factories. 

To master this challenge, a possible approach would 

be to use a domain-specific data analytics platform instead 

of a generic data analytics platform. Domain-specific data 

analytics platforms, e.g., SAP Predictive Maintenance and 

Service [38] or GE Predix [12], contain pre-built analyti-

cal services for specific use cases. Thus, they enable rapid 

implementations, however, they are typically proprietary 

applications hindering the flexible implementation of ad-

ditional use cases as well as the systematic reuse of certain 

components, e.g., to reuse selected data preparation steps. 

In order to industrialize and speed up analytical solu-

tion development, we envision a so-called analytical op-

erating system combining the openness and flexibility of 

a generic data analytics platform with reusable analytical 

services. As shown in Figure 5, the analytical operating 

system builds on top of the standardized platform tool 

stack and abstracts from heterogenous source systems by 

using an Industry 4.0 reference data model to define a 

common semantic view. Moreover, it stores analytical as-

sets, e.g., single data mining models, data preparation 

pipelines or reports, in an Industry 4.0 knowledge reposi-

tory and thus enables the development of standardized and 

reusable analytical services which can be deployed across 

different machines, processes and factories. 

In our previous work [16, 17], we designed and proto-

typically implemented a reference data model for data-

driven manufacturing and a corresponding knowledge re-

pository. In order to realize the analytical operating sys-

tem, comprehensive further research needs to be carried 

out, especially with respect to: 

• A holistic reference data model for Industry 4.0 which 

addresses the entire product life cycle, not only the 

manufacturing phase (see [46] for a survey on existing 

Industry 4.0 reference models) 

• A realization approach to implement the reference data 

model in a Lambda-architecture-based data store and 

enable flexible integration of structured and unstruc-

tured data as well as of batch and streaming data (see 

[22] for issues on the integration of structured and un-

structured data in manufacturing) 

• A standardized and tool-independent meta-model and 

a corresponding specification format for the definition 

of modular analytical services to realize descriptive, 

diagnostic, predictive and prescriptive analytics (see 

[34] for the needs for interoperability and standards in 

data analytics) 

5.3. Employee Enablement: 

Empowering Business Domain Specialists to Do 

Advanced Analytics 

Employee enablement generally refers to empowering end 

users to utilize the analytics platform. In the course of sev-

eral advanced analytics projects in manufacturing, e.g., for 

predictive maintenance or process quality root cause anal-

ysis, we experienced a clash of cultures between different 

groups of employees (see Figure 6). These projects are 

typically organized according to the cross-industry stand-

ard process for data mining (CRISP-DM) [19] and require 

interdisciplinary teams comprising, in particular, business 

domain specialists and data scientists. 

Business domain specialists, e.g., manufacturing pro-

cess engineers, have comprehensive knowledge about 

their business domain, its processes and data sources. For 

instance, they may have detailed know-how on certain ma-

chines and manufacturing processes as well as initial ideas 

for promising data analytics use cases. Yet, they typically 

have only basic knowledge on data analytics tools and 

techniques especially regarding advanced analytics. In this 

paper, we subsume all data analytics techniques beyond 

classical reporting, dashboarding and online analytical 

processing under the term advanced analytics, in particu-

lar, data mining, machine learning and artificial intelli-

gence techniques (see [4] for a definition of advanced an-

alytics). 

Data scientists, e.g., computer scientists or statisti-

cians, have a profound know-how on advanced analytics 

[28]. They typically have a thorough algorithm and tool 

 

Figure 5: Concept of the analytical operating system 
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expertise for the implementation of advanced analytics use 

cases, but only basic business domain knowledge. 

According to our practical experience, these structural 

differences between business domain specialists and data 

scientists frequently cause inefficiency and ineffective-

ness in advanced analytics projects and increase the com-

plexity of collaboration. For instance, we often experience 

difficulties in collaborative use case identification and def-

inition due to different terminologies and educational 

backgrounds. This leads to imprecise or even inappropri-

ate analytics results, e.g., when business domain special-

ists assess the results produced by data scientists. Moreo-

ver, missing advanced analytics knowledge of business 

domain specialists prevents data-driven decision making 

and slows down the development of a data-driven com-

pany culture (see [31] for data-driven company culture). 

Hence, the challenge is to empower business domain 

specialists to do advanced analytics. To tackle this chal-

lenge, the new role of a citizen data scientist has recently 

been proposed [6, 33]. Citizen data scientists combine 

business domain knowledge with advanced analytics 

skills in order to bridge the gap between the world of busi-

ness and the world of data science. That is, their primary 

job function is outside the field of advanced analytics, as 

is in the case of business domain specialists, but they are 

able to produce advanced analytics results. At this, it’s im-

portant to remark that citizen data scientists do not replace 

expert data scientists but complement them. 

The citizen data scientist approach seems promising to 

us in order to empower business domain specialists to do 

advanced analytics and foster data-driven decision making 

in industrial business processes. However, to the best of 

our knowledge, there is no sound concept on citizen data 

scientists yet. We only recognize some initial ideas [8, 33, 

44]. Thus, significant further research needs to be done 

comprising both technical and organizational aspects in 

order to leverage the role of a citizen data scientist. 

Technical aspects refer to appropriate tools for citizen 

data scientists making advanced analytics techniques, es-

pecially data mining techniques, usable by non-expert us-

ers. Self-service business intelligence tools, e.g., Tab-

leau [42] or Microsoft Power BI [32], represent a starting 

point by facilitating self-service data visualization for 

business users. Under the term smart data discovery, these 

tools now begin to incorporate simple pre-configured data 

mining techniques [8]. Based on our practical experience, 

we see a need to combine and enhance features from self-

service business intelligence tools with features from 

graphical data mining tools, e.g., Knime [26] or 

RapidMiner [36], to facilitate self-service data mining. 

Moreover, appropriate tools for citizen data scientists 

should provide domain-specific and reusable analytical 

services (see Section 5.2), e.g., for data preparation of spe-

cific source data or model generation for a specific use 

case, in order to simplify use case implementation and fos-

ter knowledge sharing. 

Organizational aspects refer to concepts and method-

ologies to systematically identify and qualify business do-

main specialists as citizen data scientists as well as to de-

fine their organizational integration. Qualification of citi-

zen data scientists particularly requires the development 

of interdisciplinary educational plans combining basic 

knowledge on data bases, data engineering and statistics 

with knowledge on advanced analytics algorithms and 

suitable tools. Organizational integration comprises the 

definition of collaboration models between expert data 

scientists and citizen data scientists especially in large 

global enterprises such as Bosch. Citizen data scientists 

are typically located in various business units of an enter-

prise, whereas expert data scientists form a business-do-

main-independent center of competence [44]. Thus, intra-

project collaboration as well as inter-project collabora-

tion have to be designed. The former defines how citizen 

data scientists can be supported by expert data scientists 

 

Figure 6: The citizen data scientist approach 
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during a project and vice versa. The latter refers to select-

ing projects or use cases which can completely be done 

either by citizen data scientists or expert data scientists or 

which benefit from a joint effort. 

5.4. Governance: 

Defining a Holistic Analytics Governance 

In the context of data analytics, governance generally re-

fers to establishing and following structures, rules, poli-

cies and controls for data analytics activities [2, 10]. This 

is called analytics governance in the following. According 

to our practical experience at Bosch, there is a huge variety 

of governance aspects related to an Industry 4.0 analytics 

platform ranging, e.g., from governance on source data 

over governance on data analytics projects to governance 

on data-driven decision making. For example, policies on 

data ownership have to be developed, appropriate process 

models for different types of data analytics projects have 

to be defined and the use of data analytics results in indus-

trial business processes has to be controlled. All these gov-

ernance aspects significantly determine the effectiveness 

and the efficiency of data analytics activities. 

Hence, the challenge is to define a holistic analytics 

governance for an Industry 4.0 analytics platform to en-

sure its economically beneficial usage. To master this 

challenge, a general analytics governance framework is 

needed which holistically defines governance areas and 

concepts. This constitutes the starting point for the defini-

tion of a concrete analytics governance for the Bosch In-

dustry 4.0 Analytics Platform, which has to be suited to 

Bosch’s organizational structure and strategic goals. 

In line with [10], we don’t see a sound framework for 

analytics governance, neither in practice nor in literature. 

Analytics governance is closely related to and partially 

overlaps with data governance [25, 40] and both have to 

be tightly integrated. However, analytics governance goes 

beyond data governance, e.g., regarding methods and pro-

cesses for data analytics projects such as CRISP-DM. 

There are only rudimentary existing works on analytics 

governance [2, 14, 43]. They underline its importance, 

name rudimentary governance areas, e.g., people and 

roles, and discuss guiding principles for the design of a 

corresponding framework. 

Hence, significant further research and practical eval-

uation have to be carried out in order to define a holistic 

analytics governance framework. Based on our practical 

experience at Bosch, we want to highlight the following 

core issues regarding analytics governance that may guide 

future research: 

• Balancing trust and flexibility: As described in Sec-

tion 4.2, the Bosch Industry 4.0 Analytics Platform 

provides the whole range of analytical capabilities 

from descriptive to prescriptive analytics. These dif-

ferent capabilities have totally different requirements 

regarding trust and flexibility. For instance, classical 

descriptive reporting requires fully trustworthy results 

and thus standardized and governed data models, data 

preparation pipelines and reporting tools to ensure 

consistent management decisions [23]. In contrast, 

predictive and prescriptive analytics benefit from flex-

ibility regarding, e.g., ad-hoc integration of new data 

sources and self-service data exploration with various 

tools [45]. Hence, a holistic analytics governance has 

to balance trust and flexibility across the entire analyt-

ics platform especially with respect to self-service data 

preparation versus managed ETL as well as user-

driven data discovery versus governed data analytics 

projects. 

• Integrating with the existing business intelligence and 

data warehouse platform: Apart from the Bosch In-

dustry 4.0 Analytics Platform, there is still the existing 

business intelligence and data warehouse platform at 

Bosch focusing on reporting and dashboarding on cu-

rated enterprise data from various ERP systems. This 

platform contains valuable enterprise data relevant for 

data-driven manufacturing. However, it cannot simply 

be replaced by the analytics platform, because the gen-

eral requirements and features of a business intelli-

gence and data warehouse platform continue to exist. 

That means, similar systems would have to be built up 

as part of the analytics platform considering the huge 

investments that have already been made in specific 

data models, data preparation pipelines and reports on 

the existing business intelligence and data warehouse 

platform. Therefore, the analytics platform and the 

business intelligence and data warehouse platform co-

exist at Bosch. We consider this to be a typical situa-

tion in large industrial enterprises having established 

highly integrated business intelligence and data ware-

house platforms which provide source data for an In-

dustry 4.0 analytics platform. Thus, a holistic analytics 

governance has to define the role of existing business 

intelligence and data warehouse platforms in the light 

of an Industry 4.0 analytics platform and detail their 

integration. In particular, it has to be defined which 

kinds of use cases are implemented on which platform 

and how data exchange is governed, for instance, when 

data warehouse data is transferred to the analytics plat-

form and redundancies as well as potential inconsist-

encies occur. 



• Managing data-driven decision making: An Indus-

try 4.0 analytics platform provides the technical basis 

for data-driven decision making in industrial business 

processes. The goal is to support or automatize deci-

sions and thus enhance the process [8]. For example in 

a manufacturing process, quality measurements and 

corresponding rework decisions can be automated us-

ing machine sensor data. For example in a product en-

gineering process, product redesign decisions can be 

supported using field data. Operational decision sup-

port and particularly decision automation cause certain 

risks, e.g., in case of wrong decisions, and thus need to 

be managed. Consequently, a holistic analytics gov-

ernance has to define rules and policies for data-driven 

decision making including criteria for suitable busi-

ness processes, appropriate data analytics techniques 

as well as the degree of human intervention. 

6. Summary and Conclusion 

This paper is based on our practical experience at Bosch 

when building an Industry 4.0 analytics platform. The 

Bosch Industry 4.0 Analytics Platform is designed for the 

worldwide manufacturing network of Bosch and follows a 

generic approach to address the entire range of data ana-

lytics use cases, from descriptive to prescriptive analytics 

across both enterprise data and big data. Built upon a 

Lambda architecture approach and a standardized tool 

stack, it facilitates the exploitation of the huge amounts of 

data across the industrial value chain. 

Successfully building and establishing such a platform 

involves various challenges far beyond tools and technol-

ogies for data analytics. It is particularly about (1) indus-

trializing analytical solution development on top of the 

platform, (2) empowering business domain specialists to 

do advanced analytics and (3) defining a holistic analytics 

governance to ensure efficiency and effectiveness of the 

platform’s usage. 

In conclusion, it can be stated that all these challenges 

require comprehensive further research especially with re-

spect to (1) the specification of modular and reusable ana-

lytical services, (2) appropriate tools and organizational 

models for citizen data scientists and (3) frameworks for 

analytics governance. From our point of view, these issues 

can only be addressed by interdisciplinary research of 

computer science, manufacturing engineering and infor-

mation systems in order to leverage data analytics in large 

industrial enterprises. 
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