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Abstract

:

This study aims to provide practice-oriented evidence regarding the implementation of healthcare data analytics and its impact on the use of new data analytics tools and relevant analytical skills improvement. A quasi-experimental pre-test/post-test controlled study was conducted in a large medical system in the eastern United States. Healthcare data analytics training program participants (N = 21) and a comparison group comprising trainee-identified peers completing comparable work (N = 27) were compared at the start of training and one year later. Results showed that both trainees and peers demonstrated improved healthcare data analytics skills over time, related to concomitant increases in their healthcare data analytics-related learning and performance goals. This study suggests that healthcare organizations aiming at successfully implementing a new data analytics infrastructure should provide well-designed training that enables trainees to develop specific learning and performance goals as well as improve relevant skills and ability to use new tools.
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1. Introduction


There is a high demand for organizational leaders and managers in healthcare to be able to implement effective data analytics systems [1,2,3]. Data analytics implementation facilitates the intensive use of diverse forms of organizational data, permits systematic attention to be given towards the quality of information available to practitioners, and uses statistics and modeling to inform organizational decisions [1]. For example, data analytics in healthcare systems can help derive insights ranging from systematic waste of resources to predicting trends, improving outreach, and managing the spread of diseases. Thus, it can improve areas ranging from business management to patient care quality and diagnosis, to name just a few. As part of the larger practice of attending to the quality of evidence used in management decisions [4,5], colleges have developed new programs and courses and firms have invested in new positions and infrastructure to promote the use of such healthcare data analytics. Though relatively recent and limited, academic research suggests that the use of healthcare data analytics is positively related to organizational performance, such as asset utilization and market value [6], return on investment (ROI) and sales growth [7], and supply chain performance [8]. For example, a recent study of data analytics found that healthcare data analytics accounted for 53% of the variation in organizational performance (ROI, sales growth) even when firm size and date of adoption were controlled [7]. As a consequence, data analytics competencies are increasingly valued in healthcare.



The present study contributes to emerging research on the implementation of healthcare data analytics by offering a case and quasi-field experiment of a large-sized hospital system’s data analytics implementation. As a form of practice-oriented research [9], it examines the impact of a training program commissioned and developed by executives leading healthcare data analytics implementation; in doing so, it seeks to provide evidence that is useful to practitioners in regard to the challenges of healthcare data analytics implementation and ways these might be addressed. The requisite skills necessary for healthcare data analytics implementation represent an important consideration. Huselid [3] focuses on critical thinking and excellent communication skills for healthcare data analytics in the context of human resource management. Other scholars maintain that training in support of healthcare data analytics should have a dual focus, domain knowledge related to analytical and IT skills on the one hand, and communication skills to disseminate and improve decision making in complex data-centric business environments on the other [1,2]. The present study provides empirical evidence regarding both the role of technical competencies and change-related skills in healthcare data analytics implementation. Through a quasi-field experiment, our study examines the effects of a training program undertaken to carry out an organization-wide project on healthcare data analytics implementation. Because of the increased use of healthcare data analytics and the inter-departmental coordination challenges such initiatives can bring [2], investigating the role of training in implementing healthcare data analytics has practical importance for human resource managers and change agents.



From an organizational change and open innovation perspective [10,11], it is also essential to understand the experiences of employees whose work is affected by healthcare data analytics implementation. Previous research suggests that adopting healthcare data analytics is a painstaking process in which even the system’s early adopters report continuing implementation problems over time [12,13]. In this context, we consider the contributions that motivational factors may have on such implementation. Specifically, we investigate the role that personal goals and leader vision may play in the acquisition of healthcare data analytics-related skills and the use of healthcare data analytics-related tools. In doing so, we seek to identify ways healthcare data analytics implementation can be supported in addition to training.



In the present study, we evaluate a training intervention on the first day of training and then a year later. Trainees are compared with peers who did not receive training, whom they identify as involved in healthcare data analytics implementation. The use of new skills at work is a critical indicator of training transfer and success [14,15]. Two outcome variables are used to assess the training transfer: First, the use of healthcare data analytics tools indicates on-the-job behavior and application. Second, increased healthcare data analytics skills indicates the acquisition of competencies that support the diffusion of the healthcare data analytics initiative; particularly important for the solving of on-going implementation challenges. The further part of the present study is organized as follows: Section 2 reviews the relevant literature and develops hypotheses, Section 3 describes research context, data collection, and the measurement of variables, Section 4 delineates the results of data analysis, Section 5 discusses the meanings of our findings, and finally, Section 6 draws conclusions for research and comments on the practical implications of our findings.




2. Relevant Literature and Hypotheses


2.1. Training


Training is a formal, planned effort to help employees obtain job-relevant knowledge and skills [16,17]. It is the subject of several major literature reviews [15,18,19,20,21] and at least five meta-analyses have been conducted on its effectiveness [22,23,24,25,26,27]. Together, the body of evidence suggests that organizational training is widely effective, though its success varies as a function of the training method used, the skills and tasks for which employees receive training, and the criteria used to measure the effectiveness. Further, most reviews conclude that successful training implementation depends on trainee motivation to apply new skills and the extent to which the working environment favors and supports the use of such new skills [28]. Training transfer thus depends on both individual (personal motivation) and organizational (opportunities for on-the-job practice) factors. Although an exhaustive review of the training literature is outside the scope of the current study, we rely on specific well-supported training findings to guide our study of one case of organizational training in the context of healthcare data analytics implementation.




2.2. Data Analytics Training and Employee Outcomes


Training in support of healthcare data analytics implementation can contribute to its success by helping employees acquire data analytics-specific skills. Data analytics skills are thought to range from IT competencies (e.g., use of relevant software to inform decisions), critical thinking (e.g., evaluating the quality of data), and forecast modeling (e.g., developing decision trees) to the ability to diffuse data-driven results to other units and contribute accordingly to decision making [1,29]. An additional competency of healthcare employees who use such tools is the ability to critically evaluate and appraise the quality of the evidence they use [4]. Appraising evidence quality and the use of scientific evidence on the job are evidence-based decision-making competencies that manifest when employees know how to formulate critical questions and hypotheses, test them using organizational and scientific evidence, and make evidence-informed decisions in a reflective manner.



Nonetheless, the ability to use healthcare data analytics tools and practice evidence-based decision-making are important, but unlikely to be sufficient for successful healthcare data analytics implementation. The benefits of implementing healthcare data analytics appear to derive from making data analysis a business process rather than a merely analytic or technical one [2]. Data analytics implementation requires problem-solving and change implementation competencies in order to overcome the tendency of organizations to work in silos [30]. Thus, healthcare data analytics-related training should help employees to develop implementation-related skills that promote the diffusion of healthcare data analytics across the organization. In the context of the healthcare data analytics implementation studied here, a skill assessment conducted on behalf of the organization, advised that successful implementation required employees to develop competencies they need in order to act as change agents and promoters of healthcare data analytics. These implementation competencies refer to the ability of change agents to help others use healthcare data analytics and support related practices.



Hypothesis 1.

Participation in a data analytics training will be positively related to healthcare data analytics skills (a) and the use of healthcare data analytics tools (b).






2.3. The Role of Personal Goals


Implementation of healthcare data analytics is a particular type of organizational change [31]. Similar to other types organizational change, such implementation requires employees to replace old habits with new work practices (e.g., by replacing more straightforward analytics with sophisticated modeling), redefine their performance standards (e.g., serving new internal data clients), and learn new ways of working (e.g., helping others learn new tools). Such changes are more likely to be effective when individuals are motivated to both learn new things and perform in new ways. Goals are internal standards that individuals are motivated to adopt that, in turn, direct their attention and effort in ways that help realize them [32,33]. In the context of change, we posit that both learning and performance goals are relevant. First, employees need to be motivated to learn the new skills and knowledge that would enable them to perform in new ways; second, they need to be motivated to perform in the new ways that change their goals. The importance of both learning and performance goals to organizational change is illustrated by LePine [34], who through a decision-making simulation, investigated the ability of teams to adapt to change. Results indicated that when the change occurred, the team members that adjust best were those with a high level of performance goals that were willing to learn. When teams were low on learning motivation and high on performance goals, the effects were detrimental. In the context of complex change, such as healthcare data analytics implementation, employees need to be motivated to pursue both new learning goals and performance goals in order to implement new work practices. We hypothesize that employees whose work is affected by healthcare data analytics-related changes will adapt better (i.e., increased use of healthcare data analytics tools and healthcare data analytics skills) when they have higher learning and performance goals.



Hypothesis 2.

Learning and performance goals will be positively related to data analytics-related outcomes such that learning goals will be positively related to healthcare data analytics skills (a) and the use of healthcare data analytics tools (b), and performance goals will be positively related to healthcare data analytics skills (c) and the use of healthcare data analytics tools (d).






2.4. Moderating Role of Leader Vision


An important impediment for widespread healthcare data analytics implementation is attributed to the absence of top management support [35]. On the other hand, support from top management is believed to be a key feature of the successful implementation of healthcare data analytics within an organization [13]. Based on interviews with healthcare data analytics implementers, the researchers conclude that leader vision is one of the critical factors in healthcare data analytics implementation; a weak vision that is not thoroughly understood can undermine the adoption of healthcare data analytics, whereas a strong vision provides clearer messages about organizational strategy and direction [13]. As such, leader vision, communication, and support for a distant and challenging goal are expected to spur excitement among employees by providing them with a direction and a sense of purpose [36]. Leader vision can help employees to focus their attention on the performance and learning goals important for change implementation [37,38]. Research has shown that employees open to change are more likely to adapt when they have a strong leader vision [39]; for employees who are less open to change, that strong vision also has positive effects, although to a lesser extent [40]. Such findings suggest that when employees are motivated to engage in change, they are more likely to do so where leader vision is strong. We note that experiments indicate vision affects individual attitudes but not performance [41]. Moreover, Hackman and Wageman [42] suggest that leader vision acts as a moderator, enabling a relationship between individual motivation and performance rather than affecting performance directly. Consequently, we hypothesize that an employee’s perceptions of the leader’s vision will strengthen a positive (high) relationship between their own healthcare data analytics-related goals and outcomes.



Hypothesis 3.

Leader vision will positively moderate the relationship of learning and performance goals with data analytics-related outcomes such that leader vision will positively moderate the relationships between learning goals and healthcare data analytics skills (a), learning goals and the use of healthcare data analytics tools (b), performance goals and healthcare data analytics skills, and performance goals and the use of healthcare data analytics tools (d).







3. Materials and Methods


3.1. Organizational Context


The study’s field site was in a large American medical system in the eastern United States, which we refer to by the pseudonym Eastern Medical. Eastern Medical devoted a multi-million-dollar budget to implementing a database and management system intended to integrate clinical, genomic, financial, administrative, and operational data from over 200 sites within its hospitals, health plans, and related entities. Eastern Medical’s stated ultimate goal was to drive more personalized patient care and better patient outcomes through decisions informed by information obtained by exploiting the distinct advantages derived from access to organization-wide cross-functional data.



The senior executives overseeing healthcare data analytics implementation constituted a 5-person top management team from key areas targeted for data integration. Their strategic focus was supported by an IT leadership team, mainly brought in from industry to implement the healthcare data analytics-related changes. During the initial stages of planning the healthcare data analytics implementation, Eastern Medical commissioned a consulting firm to conduct a needs analysis of the skills, competencies, and infrastructure required for the successful implementation of healthcare data analytics. By identifying several goals for the training program and indicators of healthcare data analytics success, this firm’s final report informed the development of the training program and our assessment of its effects. These included: acquiring a better understanding of requirements for, and use of, a central repository of integrated clinical, consumer, and financial data; increased access and use of these data in producing reports that leverage these data using advanced analytics; and greater capacity to cultivate support for the healthcare data analytics system within the organization.



As part of the healthcare data analytics implementation, a program was co-developed by Eastern Medical’s leadership and a local university in order for the training analysts and managers to act as skilled users and change agents. The program consisted of six courses of six weeks each that took place over a period of nine months. Six cohorts ranging from 12 to 18 participants went through the program at three- to six-month intervals. Course subjects included evidence-based decision-making, statistics and modeling, forecasting, and data mining. We note that we compared our pre-test sample of trainees and peers (N = 138) with masters level students (N = 71) at a local university to gain a sense of the motivation level of our participants. Compared to graduate students (M = 4.82, SD = 1.21), Eastern Medical respondents (M = 5.61, SD = 0.96) scored significantly higher (p < 0.001) in proactivity, as measured by three-item scale of taking charge behavior [43]. This suggests that the individuals studied here tend to be self-starters, motivated to overcome obstacles in pursuit of their goals [44].




3.2. Participants in Training Program and Comparison Group


Seventy-seven employees from five different functions of the organization—finance, provider, research, health plan, and strategic planning—were nominated by their managers to participate in the nine-month training course on the healthcare data analytics training program as trainees. Of these trainees, who constitute our intervention group, 98.7% (N = 76) completed the pre-test during their first week in the program. Their mean age was 39.5 (SD = 9.96); 46% were female. To create a comparison group, trainees were asked to nominate a list of peers who reported to the same manager as trainees and whose job was related to healthcare data analytics but who did not participate in the training program. Among a total of 203 peers identified, 42.4% (N = 86) participated in the pre-test. We treated them as our comparison group. Their mean age was 37.9 (SD = 10.9); 53% were female.




3.3. Procedure


Pre-test and post-test were conducted at the beginning and after the completion of the healthcare data analytics training program. Eight trainees and sixteen peers left the organization in the interim. At the post-test, we invited 68 trainees and 70 peers to participate; 21 trainees and 27 peers responded with an overall response rate of 34.8% (N = 48). Independent sample t-tests between those who participated in post-test (N = 48) and non-participants (N = 90) revealed no significant differences in the pre-test measures of demographics, expertise in healthcare data analytics, and learning or performance goals.




3.4. Measures


We measure the healthcare data analytics-related outcomes with two indicators. First was the extent to which participants were using data analytic tools and second was the extent to which participants were using healthcare data analytics-related skills such as understanding of healthcare data analytics, diffuse of them, and cultivating the support needed for healthcare data analytics implementation. Below is the information on how we measured these outcomes.



3.4.1. Use of Healthcare Data Analytics Tools


At the pre-test, we asked respondents to indicate what proportion of their daily job was devoted to using healthcare data analytics tools. The scale ranged from 1 “0–20%” to 5 “80–100%”. This single item assessed the extent to which trainees and peers had the opportunity to practice healthcare data analytics on the job. At the post-test, we asked respondents to indicate the extent to which their daily use of healthcare data analytics tools had changed over the past year. Their responses ranged from −5 “decreased greatly” to +5 “increased greatly” with 0 “no change”.




3.4.2. Data Analytics Skills


This eight-item scale was developed for this study representing skills identified as important to effective healthcare data analytics implementation. We cross-validated the skills the consulting firm had recommended with findings from extensive interviews with seven of the organization’s top executives and four members of its healthcare data analytics committee. Based on consensus among them, we developed items that assessed an employee’s understanding of healthcare data analytics and the ability to diffuse healthcare data analytics-related knowledge and cultivate support within the organization. Two of the ten items initially developed were dropped because their inclusion led to a two-factor solution with cross-loading of over 0.4 at the post-test. Eight items were factor analyzed using principal component analysis with varimax rotation. The analysis yielded a single factor explaining 74.6% of the variance at the pre-test and 65.5% of the variance at the post-test. All eight had primary loadings over 0.6. A sample item is “I am effective in cultivating support for use of advanced healthcare data analytics”. Responses ranged from 1 “Strongly disagree” to 6 “Strongly agree”. Cronbach’s alphas were 0.95 at pre-test and 0.92 at post-test.




3.4.3. Learning and Performance Goals


An individual’s motivation regarding healthcare data analytics implementation was assessed using two 2-item measures, assessing the extent individuals had set healthcare data analytics-related learning and performance goals, respectively. A sample learning item is “I have set specific goals for developing my advanced healthcare data analytics-related skills” and a sample performance item is “I have set specific milestones for implementing advanced healthcare data analytics”. Responses ranged from 1 “Very inaccurate” to 5 “Very accurate”. Cronbach’s alpha for learning goals was 0.62 at pre-test and 0.55 at post-test; for performance goals 0.92 at pre-test, 0.86 at post-test.




3.4.4. Leader Vision


Three items adopted from Griffin, Parker, and Mason [40] were rephrased to assess a leader’s vision regarding the healthcare data analytics initiative. A sample item is “The leaders of healthcare data analytics (i.e., the development and use of the organization-wide data warehouse) create an exciting and attractive image of where it is going”. Responses ranged from 1 “Very inaccurate” to 5 “Very accurate”. Cronbach’s alpha was 0.87 at pre-test and 0.91 at post-test. A principal component factor analysis of the three items of leader vision using varimax rotation yielded a single factor explaining 80.8% of the variance at pre-test, 85.6% at post-test. All items had primary loadings over 0.8.




3.4.5. Control Variables


We collected categorical data on gender, age, and education. Due to the absence of any correlation with study variables, these were dropped from further analyses. We also controlled pre-existing expertise in healthcare data analytics. A single item at the pre-test assessed each respondent’s self-reported level of healthcare data analytics expertise; responses ranged from 1 “novice” to 5 “expert”. This measure served as a control variable in our analyses.






4. Results


Means, standard deviations, and correlations for our study’s measures at both times are presented in Table 1. Independent sample t-tests between the training group (N = 21) and comparison group (N = 27) revealed no differences in demographics, leader vision, expertise in healthcare data analytics, and use of healthcare data analytics tools at the pre-test. However, the training group rated their healthcare data analytics skills, learning goals and performance goals more highly than did the comparison group (healthcare data analytics skills, t(46) = 1.83, p < 0.08., learning goals (t(45) = 2.80, p < 0.01) and performance goals (t(45) = 2.09, p < 0.04). Next, we tested training and comparison group differences in pre-test outcomes—healthcare data analytics skills and use of healthcare data analytics tools— while controlling for learning and performance goals at the pre-test phase. Multivariate analysis of covariance showed no between-group difference, Wilk’s λ = 0.93, F(2, 39) = 1.59, p = ns, η2 = 0.08. A separate univariate analysis of variance was conducted for each outcome at the pre-test and confirmed no between-group difference.



To test Hypothesis 1, we conducted a multivariate analysis of covariance (See Table 2). Two dependent variables at the post-test are the level of healthcare data analytics skills and the changes in the use of healthcare data analytics tools. Covariates include pre-test scores of use of healthcare data analytics tools and healthcare data analytics skills, which allow the post-test measures to indicate whether a change has occurred from the pre-test. We also controlled for expertise in healthcare data analytics measured at the pre-test. Given the limited statistical power due to our small sample size, we adopted a 0.10 significance level. In an initial analysis, no multivariate effect was obtained, Wilk’s λ = 0.91, F(2, 40) = 2.09, p = ns, η2 = 0.09. However, the assumption of independence of covariates of the ANCOVA test was violated by the initial significant difference between the trainee and comparison group on the pre-test measure of healthcare data analytics skills (t(46) = 1.83, p = 0.08). Instead, we conducted a series of univariate analyses of covariance, which showed effects for healthcare data analytics training on the changes in the use of data analytical tools (F(1, 41) = 3.51, p = 0.07, η2 = 0.08). The effect of training on healthcare data analytics skills, however, was not significant, F(1, 41) = 1.24, p = ns, η2 = 0.03. As such, Hypothesis 1a was not supported.



To verify the multivariate effects of healthcare data analytics training on the use of healthcare data analytics tools (Hypothesis 1b), we re-did the univariate analysis of covariance for the outcome variable alone. Univariate analyses of covariance retained the effect of healthcare data analytics training on the changes in the use of data analytical tools, F(1, 42) = 5.79, p < 0.05, η2 = 0.12. Hypothesis 1b, thus, was supported.



To test Hypothesis 2 on the effect of training-related learning and performance goals on employee outcomes (Hypothesis 2a–d), we conducted a multiple regression analysis, controlling for the pre-test measures of both the dependent and independent variables as well as the participation in the training program (Table 3). We tested the effect of the changes in learning and performance goals on healthcare data analytics skills. Regression analysis indicates effects of learning goals, R2 = 0.23, F(4, 41) = 3.11, p < 0.05, and performance goals, R2 = 0.39, F(4, 41) = 6.64, p < 0.01. healthcare data analytics skills at post-test are positively related to increases in both learning goals (β = 0.33; p = 0.06) and performance goals (β = 0.56; p < 0.01). Thus, Hypotheses 2a and 2c were supported.



Since healthcare data analytics training had no effect on post-test healthcare data analytics skills, our results suggest that increased healthcare data analytics skills were attributable to a broader increase in employee motivation to support the healthcare data analytics initiative rather than to the direct effects of healthcare data analytics training. We found no effect of changes in either learning or performance goals on use of healthcare data analytics tools at post-test (R2 = 0.14, F(4, 41) = 1.57, p = ns; learning goals, β = 0.15, p = ns; performance goals, β = 0.05, p = ns). Thus, hypotheses 2b and 2d were not supported.



Finally, we tested Hypothesis 3, the moderating role of leader vision at the pre-test on learning goal effects at the post-test. The regression equation testing Hypothesis 3a (R2 = 0.24, F(6, 39) = 2.10, p = 0.08) and 3c (R2 = 0.40, F(6, 39) = 4.27, p < 0.01) were significant, but not that for Hypothesis 3b (R2 = 0.21, F(6, 38) = 1.66, p = ns) and 3d (R2 = 0.18, F(6, 38) = 1.37, p = ns). However, no interaction was found between leader vision at pre-test and learning goals at post-test for either healthcare data analytics skills (β = 0.46, p = ns) or use of healthcare data analytics tools (β = 0.49, p = ns). Further, no interaction was found between leader vision at pre-test and performance goals at post-test for either healthcare data analytics skills (β = 0.32, p = ns) or use of healthcare data analytics tools (β = 1.20, p = ns). Thus, Hypothesis 3 was not supported by the data.




5. Discussion


5.1. Healthcare Data Analytics Training and Knowledge Management


This study was designed as a form of practice-oriented research [45]. That is, rather than propose and test new scientific constructs and hypotheses, its focus was on providing evidence that practitioners can use in the implementation of healthcare data analytics. In keeping with this focus, our first set of practice-related hypotheses evaluated a common tactic recommended in healthcare data analytics implementation, a healthcare data analytics-specific training intervention. Two outcome variables used to evaluate training transfer were derived from changes targeted by leaders of the healthcare data analytics intervention, that is, increases in the use of healthcare data analytics tools and the development of healthcare data analytics skills. Based on a quasi-experimental pretest–posttest controlled design, employees receiving healthcare data analytics-related training reported an increase in the use of healthcare data analytics tools in their job, than their peers in the comparison group did. From these results, we conclude that there is practical value in developing and supporting training to give employees working in healthcare data analytics-related jobs critical skills and knowledge to use new tools and to think more critically about issues of evidence quality. At the same time, we found no evidence that healthcare data analytics implementation-related skills changed due to training, but what this study did observe has implications for healthcare data analytics implementation and change management broadly.



The second set of practice-related hypotheses sought to assess whether changes might happen independently of the training program and the mechanisms through which these might occur. In this regard, we return to findings regarding healthcare data analytics skills, specifically that both trainees and non-trainees increased their implementation-related skills over time. Independent of training, the increase in employee motivation over the course of the change corresponded with an increase in their healthcare data analytics skills. This finding aligns with previous research that highlights the importance of employee motivation in organizational change implementation [46].



Further, findings suggest that two motivational factors may be particularly important for healthcare data analytics implementation. Learning goals, where individuals are committed to acquiring the skills and knowledge that a specific healthcare data analytics implementation involves, are likely to be critical since the innovative nature of healthcare data analytics makes it highly unlikely that members will have all requisite capabilities to use healthcare data analytics methodologies at the outset. In line with findings from experiments on employee motivation and training [47], the pressure to quickly introduce healthcare data analytics-related practices can impair the ability of individuals to devote time and effort to acquire important skills and knowledge. Signaling support for learning is important to healthcare data analytics implementation. Although training is one form of learning support, our findings suggest that other forms of learning can occur on-the-job, since non-trainees reported increased healthcare data analytics skills over time. At the same time, performance goals, where individuals are committed to engaging in healthcare data analytics-related practices also appear to contribute to acquiring healthcare data analytics skills. Again, changes in these goals occurred independently of participation in formal healthcare data analytics training. We note that previous findings [34] suggest that when performance goals are supported by learning goals individuals are better able to adapt to and engage in change. Although our study’s design has insufficient power to test for such an interaction, it is likely that the effects of performance goals are enhanced by learning goals, at least in the early stages of healthcare data analytics.



Interestingly despite the considerable attention paid to leader vision in research on organizational change and the implementation of healthcare data analytics, we found no effect on any healthcare data analytics-related outcome measures. Although leader vision is expected to affect individual motivation in the context of change, our results suggest that other factors may motivate individuals to engage in the change. Such factors might include the benefits individuals attribute to the change, based on their professional values, technical knowledge, or prior training. Such perceived benefits are likely to motivate individuals to formulate personal goals in support of the change [33]. This attribution is likely to be particularly relevant in the sample of respondents studied here, as their self-reported proactivity scores were greater than our comparison sample of graduate students, a group where one might otherwise expect proactivity to be reasonably high.




5.2. Healthcare Data Analytics Training, Goals, and Open Innovation


Our study also provides insightful directions for a culture of open innovation applying data analytics and employee motivation. Open innovation requires cultivating a culture of organizational learning, where employees are allowed to experiment, make mistakes and fail, and actively reflect on them [48]. As healthcare organizations seek to identify innovative solutions that are patient-centered optimizing business value, evidence-based practices such as the use of data analytics to improve decisions and change old mindsets can promote such endeavors. However, as our study shows, training does not need to function in a vacuum to promote change and innovation but align with enterprise-wide change initiatives. Such broader initiatives organizational change may create a fruitful ground for employees set personal standards for learning and performance. As enterprise-wide data analytics initiatives are implemented in healthcare, our study provides evidence of how such efforts can contribute to innovative solutions and optimize processes.





6. Conclusions


6.1. Research Implications


One of the main challenges of healthcare data analytics adoption is that it is a long process (years) requiring both cross-level developments in capability and information use and lateral changes in inter-unit communication and coordination [2,7]. We recommend that future research adopts multi-wave methodologies to better understand the challenges of healthcare data analytics implementation. Our findings pertain to the early phases of healthcare data analytics adoption and do not cover anticipated later phases where later steps in the Davenport [2] framework might be attained. Previous research also suggests that social networks are important to organizational change and technology adoption in particular; early adopters can create stronger ties and strong ties that influence diffusion [49,50,51]. Moreover, the lack of the widely expected effect of leader vision in our study opens up the possibility that change can occur even in its absence. We note that “substitutes for leadership” are known to exist in the form of professional norms and strong personal values [52], promoting individual and collective motivation in the absence of strong leaders. In considering an organization’s readiness for change and member willingness to support it, greater research attention should be devoted to non-leader-based alternatives for promoting successful change. Lastly, as practice-oriented research in management is relatively rare [45], we recommend continuing efforts in this regard where the current practices organizations use, their effects and implications for managers and employees are described and evaluated. In doing so, we suggest the use of archival data from the organization as a means of examining effects using data practitioners find relevant.




6.2. Practical Implications


Data analytics trainees increased their use of tools compared to their peers. Training is an important part of healthcare data analytics implementation. At the same time, individuals whether specially trained or not can be motivated to learn, use, and promote healthcare data analytics. Hiring talented people motivated to develop their professional skills can further healthcare data analytics implementation, particularly if the formal environment provides them with opportunities to share knowledge and learn. Signaling support for learning is important for healthcare data analytics implementation. Although training is one form of learning support, our findings suggest that other valuable forms of learning related to healthcare data analytics can occur on-the-job. These can take the form of learning from peers, self-guided readings, lunch-and-learn sessions, and related activities. Change leaders should pay special attention to ways of promoting learning and to clarifying the kinds of performance goals most helpful in supporting the implementation of healthcare data analytics.




6.3. Limitations


As with all studies, there are limitations to this study. Though we adopted a vigorous research design, that is, a quasi-field experiment measuring participants twice; before and after the training and compared them with their peers to examine whether differences were due to the training or enterprise-wide change, attrition occurred during the year in which this study took place in both the organization and our sample. Consequently, the primary limitation of this study is that it is likely to be somewhat underpowered. That is, its small sample size may decrease the likelihood of observing effects that are otherwise meaningful. Another limitation is also employee self-reports that may increase common-source biases.




6.4. Conclusions


Data analytics in healthcare change drastically how hospitals and healthcare enterprises operate. Using practice-oriented evidence, this study conducted a quasi-experimental pre/post-test study to examine the effect of data-analytics training and broader enterprise-wide organizational change in implementing healthcare data analytics. Our findings show that such interventions work in tandem which enables employees to develop their goals both in setting new learning and performance standards as well as skill acquisition and implementation of data-analytics related tools. This study provides practice-oriented evidence regarding the effect of healthcare data analytics on the use of new data analytics tools and the improvement of relevant analytical skills. In doing so, we suggest that healthcare organizations aiming to successfully implement a new data analytics infrastructure should provide well-designed training that enables trainees to develop specific learning and performance goals as well as improve relevant skills and ability to use new tools.
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Table 1. Means, standard deviations, and correlations of variables at pre-test and post-test.






Table 1. Means, standard deviations, and correlations of variables at pre-test and post-test.





	

	
Trainees

	
Peers

	

	

	

	

	

	

	

	

	

	

	

	

	

	




	

	
M

	
SD

	
M

	
SD

	
p

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13






	
1

	
0.52

	
0.51

	
0.56

	
0.51

	
0.83

	

	

	

	

	

	

	

	

	

	

	

	

	




	
2

	
3.29

	
0.96

	
2.78

	
1.16

	
0.11

	
−0.12

	

	

	

	

	

	

	

	

	

	

	

	




	
3

	
2.67

	
1.20

	
2.07

	
1.17

	
0.09

	
−0.02

	
0.53 **

	

	

	

	

	

	

	

	

	

	

	




	
4

	
2.55

	
0.89

	
2.22

	
1.22

	
0.31

	
−0.21

	
−0.02

	
−0.10

	

	

	

	

	

	

	

	

	

	




	
Pre-test




	
5

	
3.27

	
0.92

	
3.05

	
0.84

	
0.40

	
−0.13

	
−0.22

	
−0.22

	
0.17

	

	

	

	

	

	

	

	

	




	
6

	
3.79

	
0.49

	
3.04

	
1.14

	
0.01

	
−0.10

	
0.21

	
0.02

	
0.49 **

	
0.39 *

	

	

	

	

	

	

	

	




	
7

	
2.55

	
1.07

	
1.92

	
0.98

	
0.04

	
−0.05

	
0.08

	
−0.06

	
0.44 **

	
0.45 **

	
0.52 **

	

	

	

	

	

	

	




	
8

	
3.38

	
1.41

	
2.65

	
1.33

	
0.07

	
−0.32 *

	
−0.06

	
−0.24

	
0.68 **

	
0.41 **

	
0.51 **

	
0.74 **

	

	

	

	

	

	




	
9

	
1.48

	
0.93

	
1.74

	
1.32

	
0.44

	
−0.08

	
−0.20

	
−0.29 *

	
0.34 *

	
0.19

	
0.22

	
0.36 *

	
0.44 **

	

	

	

	

	




	
Post-test




	
10

	
3.00

	
0.89

	
3.28

	
0.71

	
0.23

	
−0.03

	
0.14

	
0.33 *

	
−0.09

	
0.31 *

	
0.02

	
0.07

	
−0.10

	
0.04

	

	

	

	




	
11

	
3.83

	
0.66

	
3.59

	
0.75

	
0.25

	
−0.10

	
0.03

	
0.03

	
0.33 *

	
0.33 *

	
0.57 **

	
0.44 **

	
0.34 *

	
0.20

	
0.21

	

	

	




	
12

	
3.19

	
0.91

	
2.94

	
0.82

	
0.33

	
0.03

	
0.17

	
0.08

	
0.44 **

	
0.11

	
0.37 *

	
0.53 **

	
0.31 *

	
0.13

	
0.14

	
0.61 **

	

	




	
13

	
4.30

	
0.77

	
3.89

	
0.95

	
0.12

	
−0.17

	
0.02

	
0.04

	
0.33 *

	
0.13

	
0.29

	
0.38 **

	
0.37 *

	
−0.05

	
0.03

	
0.39 **

	
0.58 **

	




	
14

	
1.47

	
1.26

	
0.70

	
0.87

	
0.02

	
0.02

	
0.06

	
−0.02

	
0.14

	
0.11

	
0.36 *

	
0.23

	
0.31 *

	
0.11

	
0.07

	
0.29 *

	
0.14

	
0.25








* p < 0.05, ** p < 0.01. N = 48. TG, training group (N = 21); CG, comparison group (N = 27); 1. Female; 2. Age; 3. Education; 4. Expertise in healthcare data analytics at pre-test; 5. Leader vision at pre-test; 6. Learning goals at pre-test; 7. Performance goals at pre-test; 8. Healthcare data analytics skills at pre-test; 9. Use of healthcare data analytics tools at pre-test; 10. Leader vision at post-test; 11. Learning goals at post-test; 12. Performance goals at post-test; 13. Healthcare data analytics skills at post-test; 14. Changes in the use of healthcare data analytics tools.
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Table 2. Results of multivariate and univariate analysis of covariance.
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	Model (Dependent Variable)
	Wilk’s λ
	df 1
	df 2
	F
	p
	η2





	Multivariate
	0.91
	2
	40
	2.09
	0.14
	0.09



	Improved data analytics skills
	0.97
	1
	41
	1.24
	0.27
	0.03



	Use of data analytics tools
	0.92
	1
	41
	3.51
	0.07
	0.08



	Univatiate
	
	
	
	
	
	



	Improved data analytics skills
	0.95
	1
	42
	2.33
	0.13
	0.05



	Use of data analytics tools
	0.88
	1
	42
	5.79
	0.02
	0.12







Covariates for multivariate ANCOVA models include pre-test scores of use of healthcare data analytics tools and healthcare data analytics skills as well as expertise in healthcare data analytics measured at the pre-test.
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Table 3. Results of multiple regression analysis.






Table 3. Results of multiple regression analysis.





	
Dependent Variable

	
Data Analytics Skills

	
Use of Data Analytics Tools




	

	
M1

	
M2

	
M3

	
M4

	
M5

	
M6

	
M7

	
M8






	
Learning Goal (pre)

	
−0.09

	
−0.04

	

	

	
0.17

	
0.24

	

	




	
Learning Goal (post)

	
0.33 *

	
0.11

	

	

	
0.15

	
−0.11

	

	




	
Performance Goal (pre)

	

	

	
−0.16

	
−0.18

	

	

	
0.04

	
−0.03




	
Performance Goal (post)

	

	

	
0.56 **

	
0.34

	

	

	
0.05

	
−0.77




	
Leader Vision (pre)

	

	
−0.41

	

	
−0.18

	

	
−0.42

	

	
−0.72




	
Leader Vision (pre) ×

Learning Goal (post)

	

	
0.46

	

	

	

	
0.49

	

	




	
Leader Vision (pre) ×

Performance Goal (post)

	

	

	

	
0.32

	

	

	

	
1.2




	
R-square

	
0.23

	
0.24

	
0.39

	
0.40

	
0.20

	
0.21

	
0.14

	
0.18




	
F

	
3.11 **

	
2.10 *

	
6.64 **

	
4.27 **

	
2.43 *

	
1.66

	
1.57

	
1.37








* p < 0.10, ** p < 0.05. N = 48. Standardized coefficients are reported. Estimated models include control variables such as participation in the training program and the use of healthcare data analytics tools at the pre-test.
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