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1. Introduction

9. Conclusions and Implications

The quality of healthcare service delivery is considered the most crucial aspect by decision-makers in the healthcare industry. Several models for assessing and assuring the quality of healthcare services have been defined in the literature (Arah et al., 2006; Carinci et 

al., 2015). One of the most used and recognized by healthcare organizations is the one defined by Avedis Donabedian (Donabedian, 1988). Donabedian’s model provides a framework for assessing the quality of healthcare services (QoHS) by evaluating the “structure,” 

the “process,” and the “outcome”. However, despite the existence of these models, the QoHS is often not guaranteed, since decisions in the healthcare industry are affected by uncertainty conditions that may cause unexpected and often undesirable outcomes, i.e. risks 

(Lipsitz, 2012). In fact, risk and uncertain conditions characterize the healthcare industry since it is a complex system, in which decisions are influenced by many variables, such as the complexity of the patient’s disease and the involvement of various actors in the 

decision-making process, e.g., physicians, families and patients. Aiming to mitigate the effect of uncertainty on decisions, healthcare organizations have integrated both established and innovative techniques into their practices. Risk management (RM) is one of the 

most established. RM aims to improve the quality and delivery of healthcare services, through practices designed to identify and prevent circumstances that could expose a patient, physician, nurse or healthcare facility to the risk of an adverse event. Among the innovative 

techniques, there is the increasing adoption of techniques that exploit big data and data analytics (BD-DA) to cope with the lack of information, which is one of the drivers of uncertainty in the healthcare industry (Han et al., 2019). However, despite the growing number 

of studies in the literature focusing on the use of BD-DA in healthcare (Malik et al., 2018) and the more established topic on the use of the RM practices (Cagliano et al., 2011) to support decision-making under conditions of uncertainty, to the best of the authors' 

knowledge, no empirical study has examined whether the RM practice may foster the role of BD-DA to improve the QoHS. 

1) Does the use of Big Data and Data Analytics influence the Quality of Healthcare Services?

2) Does the use of Big Data and Data Analytics influence Risk Management practices?

3) Does the use of Risk Management practices influence the Quality of Healthcare Services?

4) Does the use of Risk Management practices mediate the relationship between the use of Big Data and Data Analytics and 

Quality of Healthcare Services?

2. Research Questions 4. Research Model

3. Hypothesis

• H1. The use of BD-DA has a positive effect on the QoHS. (Aceto et al., 2020; Nenova and Shang, 2022; Salazar-Reyna et al., 2020). 

• H2. The use of BD-DA has a positive influence on RM practices in the different phases: H2a Risk Identification, H2b Risk Assessment,

H2c Risk Treatment, H2d Risk Monitoring. (Nenova and Shang, 2022; Schwendimann et al., 2018; Tartaglia et al., 2012)

• H3. The use of RM practices in the different phases (H3a Risk Identification, H3b Risk Assessment, H3c Risk Treatment, and H3d Risk Monitoring) 

has a positive effect on QoHS. (Odone et al., 2019; Schwendimann et al., 2018)

• H4. The use of RM (H4a Risk Identification, H4b Risk Assessment, H4c Risk Treatment, and H4d Risk Monitoring) practices in healthcare organizations

can positively mediate the relationship between the use of BD-DA and the QoHS. (Aceto et al., 2020; Weerasinghe et al., 2022 La Russa and Ferracuti, 2022)

10. References

5. Sample and 

Survey 
8. Results

Sample:

Healthcare professionals from 100 Italian organizations 
(Chief Executive Officer, Chief Administrative Officer, Chief Medical 

Officer, UO Directors, Department Directors, Medical Executives, 

Physicians).

Survey:

1. Use of Big Data and Data Analytics: 11 items

2. Risk Identification: 5 items

3. Risk Assessment: 5 items

4. Risk Treatment: 4 items

5. Risk Monitoring: 4 items

6. Quality of Healthcare Services: 12 items

7. Demographic characteristics

➢ Likert Scale ranging from 1= strongly disagree to 5= 

strongly agree

➢ Tested by 6 Healthcare Professionals

6. Data Analysis

2-step PLS-SEM method (Hair et al., 2019):

1. Measurement Model

• Loadings analysis

• Internal consistency reliability

• Convergent Validity 

• Discriminant Validity

2. Structural Model 

• Bootstraping Algorithm (5000 iterations)

SMART-PLS software: Version 4.0.8.4

* p<0.1; p<0,05**; *** p<0.01

7. Respondents

Cronbach's alpha Composite reliability Average variance extracted (AVE)

BD-DA 0.878 0.900 0.502

QoHS 0.919 0.930 0.526

RA 0.928 0.946 0.778

RI 0.715 0.813 0.521

RMo 0.905 0.940 0.841

RT 0.885 0.921 0.744

49 respondents

Measurement Model

Structural Model

❑ This study provides evidence on the use of BD-DA in healthcare organizations: the use of BD-DA is spreading and revolutionizing the decision-making process in healthcare, fostering more informed decisions leading to a positive effect on the 

QoHS (H1) and enabling the use of RM practices to manage adverse events (H2). As main implication, we suggest that healthcare managers and professionals should be aware of the relevance and value of BD-DA, either for quality improvement 

or for managing adverse events, and thus encourage their collection and use in healthcare organizations.

❑ This study contributes to the body of knowledge about quality of services in healthcare by providing empirical evidence to unveil the actual effect of using Risk Assessment (RA) practices on the QoHS: the RA practices have a positive 

influence on the QoHS (H3b). The role of other RM practices (risk identification, risk treatment, and risk monitoring) do not have a clear effect on QoHS, revealing the need to clarify the role of these practices in ensuring the QoHS in the healthcare 

organization .

❑ This study demonstrates that the use of RM practices in healthcare organizations can positively mediate the relationship between the use of BD-DA and the QoHS (H4b): a part of the positive influence that BD-DA have on the QoHS is due to 

the use of RA practices, thus implying that using RA practices fosters the use of BD-DA to improve the QoHS. This result can be explained by the characteristics of RA practices, since these practices rely on available data and information to 

carry out the assessment of the likelihood and impact of adverse events.

❑ Limitations: small and not comprehensive sample
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H4a: BD-DA → RI → QoHS

H4b: BD-DA → RA → QoHS

H4c: BD-DA → RT → QoHS

H4d: BD-DA → RM → QoHS

H4a: BD-DA → RI → QoHS

H4b: BD-DA → RA → QoHS

H4c: BD-DA → RT → QoHS

H4d: BD-DA → RM → QoHS


