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Abstract. In the Industry 4.0 era, numerous manufacturing enterprises have tried 

to obtain a smart manufacturing system. A key component of a smart manufac-

turing system is data analytics to support optimal decision-making in production 

systems. Consequently, many IT service providers have developed data analytics 

services. However, many small- and medium-sized enterprises (SMEs) have very 

low penetration of data analytics services compared to large enterprises because 

of the low profitability for IT service providers. Mass-customizable data analytics 

(McDA) services, which can be applied to various manufacturing SMEs, can give 

IT service providers the opportunity to increase their sales and thus their profits 

by applying services to more companies at little extra cost. This paper proposes 

a conceptual development process of McDA services for manufacturing SMEs 

and suggests future research issues. We believe that this paper can contribute to 

the dissemination of a smart manufacturing system. 
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1 Introduction 

In the Industry 4.0 era, numerous manufacturing enterprises have attempted to adopt 

smart manufacturing systems to enhance their competitiveness [1, 2]. Smart manufac-

turing systems support intelligent decision-making for quick responses to new situa-

tions using real-time data [1, 3]. A key component for realizing smart manufacturing 

systems is data analytics [4]. Data analytics for smart manufacturing systems supports 

optimal decision-making by facilitating diagnosis, optimization, and prognostics for 

many problems in production, such as scheduling and equipment maintenance, based 

on manufacturing data [1]. Consequently, many IT service providers have recently tried 

to develop data analytics services. 

However, because of the low profitability for IT service providers, manufacturing 

SMEs have very low penetration of data analytics services compared to large enter-

prises. One of the reasons for the low profitability is that the way in which most IT 

service providers develop customized services on a one-to-one basis is very costly [5]. 

Mass-customizable data analytics (McDA) services, which is developed in a one-to-
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many manner, can give IT service providers the opportunity to increase their sales and 

thus their profits by applying services to more companies at little extra cost. 

Despite the advantages of McDA services, they are difficult to systematically de-

velop because there is no knowhow or guidance for IT service providers with little 

experience on their development. Therefore, we developed a conceptual development 

process model that can serve as a reference for McDA service development. 

This paper proposes a conceptual development process of McDA services for man-

ufacturing SMEs. The proposed development process was constructed by reviewing 

related literature and actual data analytics service development projects. We conducted 

research with various manufacturing SMEs and the Korean government (Ministry of 

Trade, Industry and Energy). This paper is organized as follows. Section 2 reviews the 

relevant studies to understand the proposed process. Section 3 describes the proposed 

conceptual development process of McDA services for manufacturing SMEs. Finally, 

Section 4 summarizes this paper and suggests future work. 

2 Literature Review 

This section reviews two studies to define the activities needed to develop McDA ser-

vices: the common new service development (NSD) process [6] and cross-industry 

standard process for data mining (CRISP-DM) [7]. The NSD process is used to define 

activities for developing service concepts that are commonly needed for manufacturing 

SMEs. CRISP-DM is used to define activities for data analytics. The reviewed studies 

are considered basic knowledge in this paper. 

2.1 Common New Service Development Process 

Studies on the NSD process have organized activities for service development well. In 

particular, Kim and Meiren [6] formed a common NSD process based on six existing 

NSD processes. The common NSD process consists of five activities: opportunity iden-

tification, customer understanding, concept development, process design, and refine-

ment and implementation [6]. Opportunity identification is recognizing opportunities 

for new services or improvements in existing services. Customer understanding is de-

fining the target customers and identifying their needs. Concept design is generating 

the service concept based on the service opportunities and customer needs. Process de-

sign is developing the processes by which the service is produced and delivered. Re-

finement and implementation is testing and performing pilot runs of the service; after 

necessary enhancements and adjustments, a full-scale launch of the service is made, 

and a post-launch review is conducted. 

2.2 Cross-industry Standard Process for Data Mining 

The following study of process model for data analytics is used to define data analytics 

activities. Among the many process models for data analytics, CRISP-DM is the most 

widely used because it works well in most data analytics [8]. CRISP-DM consists of 



 

 

six activities: business understanding, data understanding, data preparation, modeling, 

evaluation, and deployment [7]. Business understanding focuses on understanding the 

project objectives and requirements from a business perspective and then converting 

this knowledge into a definition of data analytics to design a preliminary project plan 

that achieves the objectives. Data understanding starts with an initial data collection 

and proceeds with activities in order to get familiar with the data, identify data quality 

problems, discover first insights into the data, or detect interesting subsets to form hy-

potheses for hidden information. Data preparation covers all activities to construct the 

final dataset from the initial raw data. For modeling, various modeling techniques are 

selected and applied, and their parameters are calibrated to optimal values. Evaluation 

involves determining if some important business issue has not been sufficiently consid-

ered. Deployment is an activity of deploying data analytics and giving the guidelines 

for using it. 

3 Conceptual Development Process of Mass-customizable Data 

Analytics Services for Manufacturing SMEs 

This section presents a conceptual development process of McDA services for manu-

facturing SMEs using IDEF0 representation. The development of the process was ini-

tiated by a literature review and our project of developing cloud services for situational 

analysis and decision-making based on manufacturing big data. 

3.1 Overview of IDEF0 

IDEF0 is an activity modeling method that is designed to describe activities and the 

relationships between them [9]. Activities in the IDEF0 model are influenced by inputs, 

controls, outputs, and mechanisms (ICOMs). Each activity receives certain inputs, is 

constrained by controls, and derives output by various mechanisms. 

The IDEF0 model is hierarchically structured according to the detail level of the 

representation. Fig. 1 shows A-0, which represents the most general level of McDA 

service development. Inputs are the items changed by the activity. In the McDA service 

development, manufacturing decision-making problems, SME needs, and the initial 

data correspond to the inputs. Controls are factors that trigger the activity and constrain 

its execution. Characteristics of common problems, data analytics applicability, real 

service cases, workflow components, and user requirements correspond to the controls. 

Outputs are the results of the activity. McDA services and evaluation results correspond 

to the outputs. Mechanisms are means used to perform the activity. Service developers, 

data analysts, programming tools, and users are the mechanisms in this case. 



 

 

 

Fig. 1. Basic IDEF0 representation of an activity overlaid on McDA service development’s A0 

3.2 Level-1 Activities 

This section defines nine level-1 activities decomposed from A0 based on the reference 

processes mentioned in Section 2. Table 1 presents which activities of the reference 

processes are referenced in level-1 activities and what changes. The activities are se-

mantically divided into two main phases: massification (A1–A4) and customization 

(A5–A9). In the massification phase, the service concepts that are commonly needed 

by many manufacturing SMEs are developed, and the analytics workflow is designed 

in advance. During the customization phase, the analytics service is customized to the 

manufacturing SMEs. A data analytics process that concentrates on the customization 

is costly and time-consuming because this has to be done separately for each manufac-

turing SME. Thus, in order to increase the efficiency, tasks should be conducted in the 

massification phase as much as possible, and only tasks for which customization is 

essential should be left in the customization phase. 

 

Table 1. Level-1 activities of proposed development process 

 



 

 

3.3 Proposed Development Process 

This section describes the proposed development process consisting of level-1 activities 

using IDEF0 representation. Fig. 2 shows the conceptual development process of 

McDA services for manufacturing SMEs. Each activity is discussed below. 

 

Fig. 2. IDEF0 model of ‘Develop McDA services for SMEs’ 



 

 

A1 Identify common problems. Developing services for decision-making problems 

that occur only in the applicable company cannot be widely applied to other companies. 

This initial activity derives manufacturing decision-making problems that can be uni-

versally solved and widely occurring in various manufacturing industries and compa-

nies. Various manufacturing decision-making problems such as production scheduling, 

quality control, inventory management, and equipment maintenance can be collected 

based on a literature review and case studies. The service developer makes a list of 

common manufacturing decision-making problems by extracting problems with com-

mon characteristics from the collected problems. There are two criteria used to charac-

terize common problems: industry-wide commonality and technically universal resolv-

ability. 

A2 Understand SMEs. This activity identifies the needs of SMEs and derives the re-

quirements of the data analytics service. It is necessary to collect the needs of SMEs by 

consulting with domain experts, focus groups of manufacturing SMEs, and case studies 

before this activity. Next, service developers review whether the collected needs are 

met through data analytics. Finally, the needs that can be met through data analytics are 

defined as the requirements of the service. An example of a service requirement may 

be a reduction in equipment maintenance costs. 

A3 Develop service concept. In this activity, the target service concept is generated on 

the basis of common problems that meet the service requirements of SMEs. The service 

objectives and data analytics goals are determined to satisfy the requirements. As an 

example of an abstract service concept, it can be defined as providing data analytics 

that diagnose equipment failures in real time to reduce maintenance costs. Service de-

velopers should refer to actual service cases to develop a concrete service concept. 

A4 Design analytics workflow. This activity involves designing the analytics work-

flow, which is the operational processes of the data analytics service. It begins with 

defining the required full dataset to solve the problem of the target service concept. 

Typical contexts, which are the cases that are typically considered in data analytics for 

a particular environment, are then defined. Next, the appropriate data preprocessing 

techniques and analytics techniques for each context are determined. Finally, the ana-

lytic workflow is designed by combining the techniques appropriate to each context at 

each analytic step, such as data preprocessing and modeling. 

In practice, when data analytics services are being developed for diagnosing equip-

ment conditions, typical required data are defined, such as vibrations, acoustic, pres-

sure, moisture, humidity, temperature, and enviroment. Through interviews, case stud-

ies, and review papers, we can assume the following typical contexts: satisfying all 

requested data, no labeled data for equipment conditions, imbalanced data, etc. If there 

is no labeled data for equipment conditions, the unsupervised learning technique may 

be suitable for modeling. The analytics workflow is designed by combining the tech-

niques suitable for each context. 



 

 

The history of the workflow must be stored and managed in the system. Accumu-

lated analytics workflow histories can help with automating all phases of data analytics 

in a variety of contexts. Even if a new context occurs, it can be customized with minor 

modifications. 

A5 Check context for customization. This activity, which is the first of the customi-

zation phase, checks the context of the application target. Data analysts compare the 

initial data and the user requirements with the typical context of the previously designed 

analytics workflow and select the most similar context among the defined contexts. 

A6 Prepare data. This activity includes all tasks for constructing the initial data to 

match the required dataset in the analytics workflow as much as possible. Tasks in this 

activity are often performed multiple times, and the order is unspecified. Tasks include 

data collection, data cleaning, data integration, and data formatting. 

A7 Build analytics model. In this activity, the analytic techniques specified in the an-

alytics workflow apply. The modeling techniques are applied to build the data analytics 

model, and their parameters are calibrated to optimal values. The best data analytics 

model with optimal hyperparameter settings can be found through self-validation. 

A8 Deploy analytics service. In this activity, the service providers deploy the data 

analytics service. Service providers transform the analytics model into a service that 

reflects the user’s service requirements. Finally, the McDA service is deployed to man-

ufacturing enterprises. 

A9 Evaluate analytics service. In the final activity, service users review and evaluate 

the developed data analytics service based on user requirements and the performance 

of data analytics service. If the performance of the data analytics is insufficient, the 

cause is categorized as an insufficient dataset or incorrect workflow. If the poor perfor-

mance is due to a deficient dataset, the service developer should go back to A6 to pre-

pare a dataset that best meets the required dataset. If it is due to wrong workflow, the 

service developer should return to A6 to add the workflow for this context. 

4 Conclusion and Future Work 

McDA services can be applied to various manufacturing enterprises in a one-to-many 

manner. In this paper, we formalize activities and their relationships in our reference 

process model using IDEF0 for developing McDA services for manufacturing SMEs. 

Based on our reference process model, we expect IT service providers to be able to 

easily develop McDA services for manufacturing SMEs. Furthermore, this paper is ex-

pected to contribute to the proliferation of smart manufacturing systems in manufactur-

ing SMEs. 



 

 

Several future works are needed. First, the specific tasks and outcomes needed in 

each activity should be presented through an application of the proposed process to a 

wide variety of manufacturing SMEs. A relevant project is in progress, and the issues 

can be identified after all the activities are performed. Second, a system capable of 

providing McDA services should be developed. We are currently working on an archi-

tectural design for McDA services based on cloud services and service-oriented archi-

tecture [10]. Third, standardization is important for interoperation of the sensors and 

systems of various manufacturing SMEs with the data analytics service system. 
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