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Abstract: In manufacturing, small and medium-sized enterprises (SMEs) face global competition. 
In the field of predictive maintenance (PdM), artificial intelligence (AI) helps to prevent machine 
failures and has the potential to significantly reduce costs and increase process efficiency. Even 
though PdM has several benefits, it also entails considerable challenges for SMEs, especially when 
it comes to user interactions. In this short paper, we harness the design science methodology and 
discuss several problems regarding user interactions with predictive maintenance applications. We 
incorporate two different literature streams, namely, predictive maintenance and decision support 
systems. Finally, we present necessary design requirements, principles, features, and propose a 
research design to further develop and evaluate a user-centric PdM decision support system. 
Thereby, we contribute to making AI tangible in SMEs. 

Keywords: predictive maintenance, machine learning, decision support systems, design science 
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1 Introduction 

In manufacturing, small and medium-sized enterprises (SMEs) face global competition. 
In order to promote competitiveness, a growing number of SMEs aim to leverage 
artificial intelligence [HB21]. This can be achieved in the field of maintenance, where 
artificial intelligence (AI) helps to prevent machine failures and reduces maintenance 
costs (i.e., predictive maintenance, cf. [Ca19]). Notwithstanding its benefits, predictive 
maintenance (PdM) entails considerable challenges for SMEs. Many challenges are of 
technical nature, such as the choice of a suitable algorithm and the availability of 
training data. However, another key challenge concerns users interacting with PdM 
applications: Users must be capable of processing, interpreting, and acting upon PdM 
information [Na16]. 

In order to overcome user-related challenges in PdM, we built upon design science 
research (DSR) to infer design requirements for PdM dashboards as decision support 
systems (DSS) and to answer the following research question: How to design a user-
centric decision support system for predictive maintenance to enhance decision 
making in SMEs? To answer our research question, we draw from prior research on 
predictive maintenance and decision support systems. We present design requirements, 
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principles, and features as well as a research design to further develop and evaluate a 
user-centric PdM dashboard. Our proposed research focuses on SMEs, as they tend to 
lag behind larger organizations in PdM-enabled value creation [Ad20], although they are 
inherently well-suited to embrace innovation [Qu18]. Hence, we aim to help SMEs to 
exploit their potential and leverage user-centric PdM in practice. 

2 Design Science Methodology 

We follow the DSR methodology proposed by [KV08]. The DSR methodology is well 
suited to address our research question, as it allows us to rigorously design and evaluate 
our PdM dashboard artifact to obtain new design knowledge for a specific class of IT 
artifacts [He04]. The overall research design splits into two design cycles. The first 
design cycle focuses on the design and implementation of a prototype artifact that we 
plan to evaluate in expert workshops. In addition, we will utilize these expert workshops 
to further improve our problem definition for the next cycle. The second and final design 
cycle enables us to iteratively refine the artifact and evaluate it in an online experiment. 
Subsequently, we reflect on our design and evaluate the results. In this short paper, we 
present the results of the first two steps of our DSR approach, where we identified PdM 
problems in the literature. Subsequently, we follow [MMM15] and suggest 
corresponding design requirements, design principles, and design features. First, design 
requirements comprise generic requirements that any artifact instantiated from the 
respective design should meet. Second, design principles are an artifact’s generic 
capabilities regarding the proposed design through which it addresses its requirements. 
Finally, design features conceptualize technical aspects of the implementation of design 
principles in an actual artifact.  

3 Designing a Decision Support System for Predictive Maintenance 
in SMEs 

3.1 Awareness of Problem 

Predictive maintenance (PdM) uses system data to determine a system’s condition and 
to predict when maintenance should be performed [Al14, Mo02]. The system data can 
originate from various sensors (e.g., thermometers or accelerometers [Ha10]) and can be 
leveraged by machine learning (ML) as part of AI to identify patterns of unusual device 
behavior (e.g. anomalies). Once ML techniques identify such anomalies, they can predict 
a breakdown or a need for service. Commonly used algorithms are so-called black box 
models, such as artificial neural networks [Ku18]. Thus, PdM can minimize unscheduled 
breakdowns of equipment, prevent major repairs, save costs, and improve quality by 
being aware of a system’s conditions [Mo02]. However, many current PdM solutions 
support only dispersed data sources [Ha10] and maintenance cycles are not fully 
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optimized [Mo02]. Independent of the technical feasibility, PdM solutions must also 
account for their users, who ultimately decide on maintenance issues. Consequently, a 
PdM solution should enable users to process the output of PdM solutions with as little 
cognitive effort as possible [Na16]. Moreover, in contrast to the black box characteristic 
of many ML applications, PdM solutions should provide reasoning on how system data 
has driven the prediction. This reasoning promotes user confidence in ML predictions 
[Sh21] and is thus a prerequisite to realize the cost reduction promised by PdM. Notably, 
this is particularly relevant for SMEs, for which maintenance costs are of greater 
magnitude in relative terms.  

Decision support systems (DSS) aim to improve decision making by providing users 
with advice [TAL05]. In order to derive decisional advice, DSS typically leverage either 
rule-based or data-driven algorithms (e.g., ML techniques). Moreover, DSS build upon 
various designs to effectively communicate the advice to the user [Mo17]. This is 
particularly relevant to our study, as a PdM dashboard itself is a data-driven DSS 
[YV12]. Therefore, a user-centric PdM dashboard should adhere to three major DSS 
design requirements: high advice quality to improve user decision-making, decision 
support which reduces cognitive effort of users, and low system restrictiveness which 
allows users to control the strategy selection [MMM15]. Notably, meeting these 
requirements is a non-trivial task, as the effects of DSS design on performance, adoption, 
or cognitive effort depend on the use case at hand [Mo17].  

The relevance of our problem has been repeatedly confirmed in discussions with 
practitioners and decisions-makers from SMEs. In particular, the different understanding 
of ML among the various participants underlines the need for clear design requirements, 
principles, and features.  

3.2 Suggestion 

Our proposed research aims to contribute design requirements, principles, and features 
for dashboards in the context of maintenance in SMEs (see Fig. 1). The results are 
particularly relevant for engineers and decision makers who maintain resources in SMEs 
in order to prevent machine failures and decrease maintenance costs. In addition, we 
advance the literature by combining PdM and DSS research. Thus, we briefly discuss the 
rationale and planned evaluation for the four design features derived. 

First, PdM dashboards should provide a user with informative guidance (DP1) instead of 
suggestive guidance, since this has led to superior decision making (DR4) in situations 
of similar complexity [Mo96]. Moreover, in order to optimize maintenance cycles 
(DR1), a broad range of data sources (DR2) and granularity (e.g., historical sensor data 
for ML predictions) have to be integrated (DP3). Hence, we suggest the following design 
feature: Integrate historical and real-time data as well as PdM metrics (e.g., 
machine information, mean time to failure, remaining lifetime information) (DF1). 
In order to evaluate this feature, we plan to conduct an experiment to determine which of 
the aforementioned metrics are the most important for decision makers in maintenance 
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tasks. For this, we build upon expert workshops and surveys with SMEs and evaluate the 
results using a Likert scale questionnaire. 

Second, we have to consider the type of end-user to tailor the dashboard solutions 
appropriately. PdM dashboards should account for various user types (e.g., engineers or 
managers). To be more precise, we have to account for the motivation and skill level of 
the end-user to ensure a frequent use of the dashboard and therefore enable different and 
flexible representation formats (DP4) like natural language, tables, and graphs to ensure 
customizability (DR5) [YV12]. Hence, we propose to enable flexible data exploration 
via different representations (DF2). In order to determine whether the choice of 
representation meets the need of users for customization, we plan to run a series of 
online experiments to evaluate different forms of representations for PdM tasks.  

Third, a PdM dashboard should provide some rationale behind ML predictions to 
increase user acceptance [Sh21] and improve decision making (DR4) with informative 
guidance (DP1). Thus, a PdM dashboard should include predictions with meaningful 
explanations (DF3). Since ML models are usually black boxes, we want to measure the 
effectiveness of ML model explanations by comparing black box ML with different 
forms of explanations in experiments. For instance, computer vision and thermal images 
can be used to detect whether machines are overheating. With black box ML, engineers 
might only learn which machine is affected. However, with ML explanations (e.g., 
SHAP, LIME, or saliency maps, see [LAS20] for an overview) engineers learn which 
machine parts have triggered the detection of overheating. Hence, engineers receive 
valuable insights to locate the problem more easily, thus promoting efficiency in the 
maintenance process. 

 
Fig. 1: Design requirements, principles, and features of user-centric DSS for PdM 
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Last, since the combination of various data sources can easily overwhelm a dashboard 
user, a dashboard should reduce a user’s cognitive effort (DR3) by providing clear 
information and restrict the screen to the most essential elements (DP2). This context-
aware reduction is necessary to support decision makers [Na16] and to promote the 
adoption of the PdM strategies suggested, since users’ ability to process information 
from DSS is limited [TB99]. Thus, a PdM dashboard should provide context-aware 
information for current maintenance decisions (DF4). Notably, this is in conflict with 
providing informative guidance (e.g., through additional ML explanations). Hence, in 
order to determine a suitable trade-off, we want to investigate how a context-aware 
reduction mitigates cognitive effort without impairing maintenance decisions by 
withholding important information from the user.  

4 Conclusion and Future Research 

In this short paper, we provided the preliminary results of our ongoing design science 
research on user-centric dashboards for predictive maintenance in SMEs. Following our 
literature review on PdM problems, we derived several design requirements, principles, 
and features based on PdM and DSS research. Next, we will prototype a predictive 
maintenance dashboard for SMEs building on our design principles and features. Based 
on this prototype, we will conduct expert workshops to analyze whether the design 
principles enhance decision making. In a second design science cycle, we plan to 
conduct additional online experiments based on a final artifact for further validation. 
Future research can implement these insights into a case study with specific SMEs to 
investigate potential benefits in a real-world scenario.  
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