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Abstract
Objectives: Despite the proliferation of dashboards that display performance data derived from Qualified Clinical Data Registries (QCDR), the 
degree to which clinicians and practices engage with such dashboards has not been well described. We aimed to develop a conceptual frame-
work for assessing user engagement with dashboard technology and to demonstrate its application to a rheumatology QCDR.
Materials and Methods: We developed the BDC (Breadth-Depth-Context) framework, which included concepts of breadth (derived from dash-
board sessions), depth (derived from dashboard actions), and context (derived from practice characteristics). We demonstrated its application 
via user log data from the American College of Rheumatology’s Rheumatology Informatics System for Effectiveness (RISE) registry to define 
engagement profiles and characterize practice-level factors associated with different profiles.
Results: We applied the BDC framework to 213 ambulatory practices from the RISE registry in 2020-2021, and classified practices into 4 
engagement profiles: not engaged (8%), minimally engaged (39%), moderately engaged (34%), and most engaged (19%). Practices with more 
patients and with specific electronic health record vendors (eClinicalWorks and eMDs) had a higher likelihood of being in the most engaged 
group, even after adjusting for other factors.
Discussion: We developed the BDC framework to characterize user engagement with a registry dashboard and demonstrated its use in a spe-
cialty QCDR. The application of the BDC framework revealed a wide range of breadth and depth of use and that specific contextual factors 
were associated with nature of engagement.
Conclusion: Going forward, the BDC framework can be used to study engagement with similar dashboards.

Lay Summary
In many healthcare settings, dashboards are implemented to monitor quality of patient care. Yet, little is known about how these digital tools are 
used in real-world practice. We developed the BDC (Breadth-Depth-Context) framework to evaluate how clinicians engage with quality perform-
ance dashboards. Our framework captures users’ dashboard sessions (breadth) and actions (depth) as well as factors that may influence these 
behaviors (context). To illustrate the utility of our framework, we applied it to an example analyzing clinician audit log data obtained from a quality 
performance dashboard within a national rheumatology registry (American College of Rheumatology’s Rheumatology Informatics System for Effec-
tiveness [RISE]). Using the BDC framework, we classified RISE dashboard users into 4 groups based on their dashboard use. Our analysis revealed 
that larger practices and practices with less complex electronic health record systems were more likely to engage with the RISE dashboard. In our 
future work, this framework can be used to help us understand how quality performance dashboards might help improve patient outcomes.
Key words: framework; user engagement; user profiles; audit log data; clinical dashboard. 

Introduction
There are more than 100 qualified clinical data registries 
(QCDRs) designed for medical and surgical specialties in the 
United States. These registries, many of which are electronic- 
health-record (EHR)-enabled, have assumed an increasingly 
vital role in reporting quality of care to federal pay-for- 
performance programs, especially in ambulatory care. As a 
result, QCDRs require substantial investment to create and 

maintain the data and measurement infrastructure required 
for accurate quality measure reporting. Beyond quality 
reporting, a core value proposition of QCDRs is to make per-
formance measure data more readily available to practices to 
guide internal quality improvement efforts. Specifically, 
many registries have developed web-based dashboards to 
enable practice personnel to monitor quality measure per-
formance, benchmark their performance against registry or 
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national means, and explore patient-level data to identify 
gaps in care.

The utility of QCDR dashboards hinges on their real- 
world use by practice personnel; however, the patterns and 
extent of engagement with these dashboards has not been 
well described. Examining QCDR dashboard engagement is 
complex and requires knowledge of both the specific dash-
board technology and the context in which use occurs. As 
highlighted by previous research, the interplay of individual 
and institutional beliefs, goals, and resources influence how 
digital clinical tools are used and quality improvement efforts 
are maintained.1–13

Objectives
Given the limited research regarding user log data for QCDRs, 
we incorporated concepts derived from clinical dashboard liter-
ature to develop a framework for evaluating engagement with 
a QCDR dashboard. We illustrate our framework’s use by 
applying it to users of a national rheumatology QCDR.

Specifically, we created metrics within each domain of the 
framework to classify practices according to their level of 
engagement and applied these metrics to a specialty-care 
QCDR. Finally, we assessed the contextual factors associated 
with each engagement group.

Methods
Conceptual framework for engagement with a 
QCDR dashboard
We undertook a scoping review of assessments of clinical 
dashboard use published between 2005 and 2023 (n¼1800; 

Supplementary Appendix 1A). Articles were screened for key 
words synonymous with the use of clinical dashboards or 
other electronic clinical feedback tools. Additional articles 
were identified via forward and backward searching citations 
of the literature reviewed. Drawing upon this body of litera-
ture, we identified relevant concepts for defining engagement 
with a QCDR dashboard.14–56 Concepts included dimensions 
of use, context of use, and measurement considerations 
(Table 1; Figure 1). We identified 2 dimensions of dashboard 
use, “breadth” (derived from dashboard sessions) and 
“depth” (derived from dashboard advanced actions), as well 
as other core concepts for defining practice engagement.

Integrating domains to define engagement metrics 
and profiles for users of a QCDR dashboard
To create metrics and profiles for users of a QCDR dash-
board, we developed the following general approach:

DOMAIN: measurement considerations
Step 0: User log data availability. The scope of user engage-
ment analysis and construction of user profiles is contingent 
upon the components within user audit log data. Available 
audit log data will depend on the specific QCDR dashboard 
structure and functions and will be limited by the registry 
vendor’s ability to track and extract various data elements. 
Recognition of inherent data constraints should be consid-
ered in initial analytic protocols.

Step 1: Determine unit of analysis. Depending on the out-
come of interest, engagement metrics can be assessed at the 
individual user-level or aggregated to the practice-level. Prac-
tices typically have multiple individual dashboard user 
accounts. Some accounts may be affiliated with designated 

Table 1. Breadth-Depth-Context (BDC) framework: customizable domains for defining practice engagement with a QCDR dashboard.

Domain Concept Considerations for measurement

Measurement  
considerations

Data availability Depending on the registry vendor and QCDR structure, there may be different data elements available 
for extraction and analysis.

Unit of analysis Dashboard use can be assessed at the individual user-level or aggregated to the practice-level depending 
on the research goal and outcome of interest.

Quality measure pri-
ority allocation

QCDR dashboards monitor numerous quality measures that reflect various aspects of patient care. 
In alignment with an a priori hypothesis, engagement with clinically significant measures or measures 
relevant to the research question can be prioritized in engagement analysis in lieu of analyzing all quality 
measure interactions uniformly.

Dimensions  
of use

Breadth Number of unique dashboard sessions represents one aspect of engagement.

Depth Use of additional, advanced functions available through the dashboard represent another aspect of 
engagement. Users can access advanced functions such as generation of patient-level reports or data 
exports. These can be performed for selected quality measures or for all quality measures.

Patterns of breadth 
or depth

Patterns of breadth or depth, such as consistency of sessions or actions (how regularly sessions or actions 
occur) or temporality (what time of year sessions or actions occur), can also be assessed.

Context of use Individual setting Characteristics specific to individual users, such as user roles, years of dashboard use, and personal beliefs 
about dashboard accuracy, accessibility, and utility.

Inner setting Characteristics specific to the practice that individual users are affiliated with, such as practice infrastruc-
ture, availability of personnel to review practice data, EHR vendor, and patient-case mix characteristics.

Outer setting Characteristics of the sociopolitical environment in which the practice operates, such as policies that 
incentivize population health management.

Engagement  
profiles

From the integration of the aforementioned domains, a versatile array of user profiles can be constructed based on the dimen-
sions of use metrics employed and contextual factors. 

These profiles can be customized to fit the research goals and available data. 

EHR, electronic health record; QCDR, Qualified Clinical Data Registry.
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practice managers or personnel responsible for monitoring 
quality measure performance on behalf of all clinicians, while 
other accounts may be affiliated with individual clinician 
users. Although clinical dashboard usage is specific to indi-
vidual users, a single user’s engagement does not reflect the 
entirety of dashboard interactions that may impact quality 
performance within a practice. Thus, for research questions 
related to practice-level outcomes, such as quality of care, 
practice-level aggregation of user log data should be 
considered.

DOMAIN: dimensions of use
Step 2: Create metrics to assess engagement. Using the dimen-
sions of use domain listed in Table 1, we can generate metrics 
for assessing breadth and depth of dashboard interactions. 
Measures of breadth and depth can be operationalized in var-
ious ways, contingent on the specific functions of the dash-
board, available user log data, and research objective. 
Measures of breadth can include session count, session dura-
tion, and session consistency to capture the overall frequency, 
duration, and regularity of dashboard use. Depending on spe-
cific actions available through the dashboard, some actions 
may provide a granular view of practice performance (eg, 
viewing patient-level data on selected measures—defined as a 
“measure-level” action), while others may offer an overview 
of practice performance (eg, generating a summary report of 
overall measure performance—defined as a “summary-level” 
action). With this information in mind, measures of depth 
can include the count of distinct action types, number of 
quality measures interacted with during a measure-level 
action, and action consistency (see Table 2).

The breadth and depth metrics above can be defined as 
continuous or categorical values (eg, high vs low breadth or 

depth). Cut-offs for categories of breadth and depth can be 
(1) derived theoretically (eg, “more than 12 sessions per 
year”), (2) derived from conventional statistics (eg, “above 
median number of sessions”), or (3) derived through other 
analytical techniques, such as machine learning (eg, cluster 
analysis).

Step 3: Define dashboard engagement profiles. Breadth 
and depth metrics can be assessed independently or combined 
in numerous ways to define engagement profiles. The specific 
metrics to be combined will depend on data availability and 
the specific goals for constructing engagement profiles. In 
some situations, it may be appropriate to define engagement 
by session count or session duration and measure-action count, 
while in other cases, engagement may be better reflected by 
session consistency or measure-action consistency.

DOMAIN: context of use
Step 4: Identify contextual factors. To define contextual fac-
tors that can influence the motivation and ability of users to 
engage with the dashboard, we built upon the Consolidated 
Framework for Implementation Research (CFIR) concepts of 
outer, inner, and individual settings of use.57 The outer set-
ting includes the broader social, economic, and political envi-
ronment in which the user and practice operate. For QCDR 
dashboards, this can include the existence of policies, such as 
pay-for-performance programs, that may incentivize popula-
tion health management. The inner setting encompasses insti-
tutional (practice) characteristics that may influence the 
quantity and quality of data displayed on the dashboard, and 
hence, the utility of the dashboard itself, including the num-
ber of users, practice size (number of clinicians), practice type 
(single- vs multi-specialty), years participating in the registry, 
EHR vendor, and patient case-mix. The individual setting is 

Figure 1. Domains for defining engagement with a QCDR dashboard. User log data can be assessed for individual users or aggregated to the practice- 
level. Users operate the dashboard within a context, including practice infrastructure, EHR vendor, and patient case-mix, which should be considered as 
potentially influencing engagement. Dashboard user log data are utilized to construct engagement metrics: breadth of use is defined by the number of 
unique sessions with the dashboard and consistency of sessions over the observation period; depth of use is defined using additional, advanced 
functions available through the dashboard such as generation of patient-level reports or data exports, and consistency of actions over the observation 
period. Thresholds of breadth and depth to define different user profiles can be derived theoretically or identified empirically through conventional 
statistics or other techniques, such as machine learning. Theoretical classification involves defining user groups based on established hypotheses or prior 
knowledge (eg, more than 12 sessions per year). Conventional statistical classification involves grouping users based on the inherent distribution of 
metrics (eg, above the 75th percentile of breadth and depth). Other classification techniques could involve machine learning to identify patterns and 
underlying structure within the data (eg, cluster analysis).
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comprised of features specific to users themselves. These are 
characteristics such as years of dashboard use and personal 
beliefs about dashboard accuracy, accessibility, and utility 
that may affect the likelihood of using more advanced func-
tions within the dashboard.58,59 Understanding the context 
for engagement with a QCDR dashboard is an important 
aspect of the BDC framework since contextual factors may 
have important effects on metrics of breadth or depth.

Example application of the BDC framework to 
assess engagement with a QCDR dashboard
We applied the BDC conceptual framework and general 
approach described in the prior section to the RISE registry, a 
national EHR-enabled QCDR that automatically extracts 
data collected during routine clinical care from participating 
rheumatology practices’ EHRs (see Supplementary Appendix 1B 
for additional details).60,61

Data source. The RISE web-based dashboard is designed 
to facilitate quality improvement activities and submission of 
quality measure performance information to the Center for 
Medicaid Services (CMS). Practice personnel are provided a 

user account when the practice is onboarded to the registry. 
They can access their clinician dashboard through a web- 
based interface to view practice and clinician-level perform-
ance on their selected quality measures benchmarked against 
national and registry means. Quality measure data are 
updated nightly (see Supplementary Appendix 1C). To be 
included in the study, practices were required to have at least 
one practice personnel with an active RISE dashboard 
account throughout 2020 and 2021. This requirement 
ensured practices had the ability to access the dashboard for 
the duration of the study period, regardless of whether they 
logged any sessions. Practices with limited clinical data and 
some practice settings were excluded from the analysis (see 
attrition table, Supplementary Appendix 1D).

We explored distribution of sessions and actions over time, 
and patterns of sessions and actions throughout the year, by 
dashboard engagement profile. We also assessed changes in 
engagement profiles between 2020 and 2021. To examine the 
association of practice contextual factors and engagement 
profile, we used generalized estimating equations (GEE) 
accounting for the multiple observations across practices. 

Table 2. BDC (Breadth-Depth-Context) framework dimensions of use domain: sample metrics for assessing breadth and depth of engagement.

Metric Metric calculation Example

Breadth
Session count The total number of sessions logged by a user during 

the period of interest. Multiple sessions are possible 
on a given day.

If a user logs into the dashboard twice on Monday 
and once on Thursday, then their session count is 3 
for the week.

Session duration Total or average time spent accessing the dashboard, 
across all sessions during the period of interest.

If a user logs into the dashboard for a 2-hour session 
on Monday and a 1-hour session on Thursday, then 
their average session duration is 1.5 hours for the 
week.

Session consistency The percentage of time (months, weeks, etc) during 
the period of interest for which a user had a given 
number of sessions.

If a user logs into the dashboard on Monday and 
Thursday, then their session consistency is calculated 
as 2/5 of days in a workweek (40%).

Depth
Measure-action count Since measure-level actions can be applied to any 

number of user-selected quality measures, a measure- 
action count quantifies the number of quality meas-
ures interacted with during a given action. Thus, a 
measure-action count equals the number of measure- 
level actions multiplied by the number of quality 
measures it was applied to, per session or period of 
interest. A measure-action count does not apply to a 
summary-level action (ie, generation of performance 
summary report). Summary-level actions automati-
cally compile all aggregated quality performance 
data without requiring a user to individually select 
measures or examine patient-level data.

If a user viewed patient-level data for 3 quality meas-
ures and exported patient-level data for 1 quality 
measure, then they completed 4 measure-actions (3 
quality measures viewed þ 1 quality measure 
exported) during the session.

Action-type count A count of the different types of actions that 
occurred, per session or period of interest for all 
measure-level or summary-level actions performed.

If a user viewed patient-level data for 3 quality meas-
ures, exported patient-level data for 1 quality meas-
ure, and generated a performance summary report, 
then they completed 3 distinct action-types (view þ
export þ summary report) during the session.

Action consistency The percentage of time (month, weeks, etc) during 
the period of interest for which a user completed a 
given number of action-types or measure-actions.

If a user viewed patient-level data for 3 quality meas-
ures on Monday and exported patient-level data for 
2 quality measures on Thursday, then this can be cal-
culated as a measure-action consistency of ≥3 meas-
ure-actions 1/5 (20%) of days in a workweek or a 
measure-action consistency of ≥2 measure-actions 2/ 
5 (40%) of days in a workweek. Alternatively, these 
actions could represent an action-type consistency of 
≥1 action-type 2/5 (40%) of days in a workweek.
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Additional details of the statistical analysis are provided in 
Supplementary Appendix 1E. Predictive margins and 95% 
confidence intervals were reported. P-values less than .05 were 
considered statistically significant. Given that the study period 
spanned the onset of the COVID-19 pandemic, which had pro-
found impacts on clinical practice and patient visit volume, we 
repeated the analyses above stratified by year due to possible 
changes in practice engagement due to the COVID-19 pan-
demic (2020 data only; 2021 data only).62,63 In another sensi-
tivity analysis, we restricted the sample to practices using 
NextGen, the most common EHR vendor (N¼87). The ana-
lytic dataset was created with SAS Version 9.4 (SAS Institute) 
and analyses were performed using Stata 16 (StataCorp. 2017. 
College Station, TX: StataCorp LLC). All figures were created 
in RStudio (R Core Team. 2022.Vienna, Austria: R Founda-
tion for Statistical Computing). The Western IRB and UCSF 
Committee on Human Research approved this study.

Results
Application of the BDC framework to assess 
engagement with a QCDR dashboard
Step 0: User log data availability. We obtained user audit log 
files comprised of lists of unique users, and records of every 
session and action (and corresponding quality measures) on 
the RISE dashboard between January 2020 and December 
2021. User-level data included affiliated practice, account 
type (clinician or administrator), account creation date, and 
account inactivation date. Session-level data included session 
date, session start time, measure-level dashboard actions 
(drilldown view, drilldown export) along with the quality 
measures to which these actions were applied, and a 
summary-level dashboard action (performance summary 
report). In addition, users could mark measures as “favorites” 
to ensure that measure performance was visible at the top of 
the measure list on the dashboard landing page for easy view-
ing. Of note, session duration was not captured in available 
user log data and was therefore not included in this analysis.

Step 1: Determine level of analysis. We elected to aggregate 
metrics to the practice-level since many RISE practices have 
practice managers or personnel who monitor quality measure 
performance on behalf of all practice clinicians. Aggregating 
engagement metrics to the practice-level accounts for the quality 
monitoring efforts of all users within a practice and provides a 
more realistic view of the collective dashboard engagement that 
effects quality of care. Sessions and actions from each user 
within a given practice, regardless of role, were counted equally.

Step 2: Metrics to assess engagement. Several measures of 
breadth and depth were calculated for all included practices. 
Of the metrics calculated, we selected session consistency to 
assess breadth and measure-action consistency to assess 
depth. We made this choice based on our clinical experience 
with quality improvement programs, the most successful of 
which are those that monitor performance on a regular recur-
ring basis (eg, monthly) and use patient-level reports to iden-
tify and correct gaps in care. The “high breadth” metric was 
defined as at least 2 sessions per month and the “high depth” 
metric was defined as at least 1 measure-action per month. 
These cut-offs were empirically selected via conventional sta-
tistics to capture the top quartile for the average number of 
sessions and average number of measure-actions per month 
(among practices that had at least 1 session).

Step 3: Dashboard engagement profiles. We classified prac-
tices into 1 of 4 engagement profiles (none, minimal, moder-
ate, and most engagement) by combining metrics for breadth (as 
measured by session consistency) and depth (as measured by 
measure-action consistency) utilizing the high breadth and high 
depth metrics defined above in step 2 (Figure 2). “No 
engagement” was defined as practices with zero sessions and 
zero drilldown measure-actions. “Minimal engagement” was 
defined as practices with any number of sessions per month and 
zero drilldown measure-actions (low or high breadth, but no 
depth). “Most engagement” was defined as practices that had 
≥50% of months with at least 2 sessions (high breadth) AND 
≥50% of months with at least 1 drilldown measure-action (high 
depth). “Moderate engagement” was a heterogenous group that 
comprised the remaining forms of engagement, including instan-
ces characterized by high breadth but low depth (≥50% of 
months with at least 2 sessions and <50% of months with at 
least 1 drilldown measure-action), low breadth but high depth 
(<50% of months with at least 2 sessions and ≥50% of months 
with at least 1 drilldown measure-action), OR low breadth and 
low depth (<50% of months with at least 2 sessions and <50% 
of months with at least 1 drilldown measure-action).

Step 4: Contextual factors associated with engagement. We 
identified several potentially relevant practice contextual fac-
tors that could be associated with dashboard engagement. 
Outer setting factors were not considered because all practices 
were subject to the same MIPS pay-for-performance programs 
through CMS. Inner setting factors included the number of 
rheumatology clinicians (which we derived by linking clinician 
NPIs to the publicly available “Medicare Physician & Other 
Practitioners—by Provider and Service” file),64 practice type 
(rheumatology only vs multi-specialty, based on associated 
clinicians’ NPIs who had rheumatology as their specialty), hav-
ing more than 1 dashboard user in the practice (yes/no), and 
EHR vendor. Additional inner setting variables included 
patient count, defined as the number of unique patients with 
at least 1 visit between 2018 and 2021 (dichotomized as 
≥5000 vs <5000 based on the median number of patients 
across practices), and a patient case-mix characteristic of the 
proportion of patients with Medicare insurance (dichotomized 
at ≥30% vs <30% based on the 25th percentile). Notably, 
EHR vendor and proportion of patients with Medicare insur-
ance were hypothesized to be particularly salient inner setting 
factors. Practices equipped with EHRs that have built-in tools 
available for population health management may exhibit 
lower levels or markedly different forms of engagement with a 
QCDR offering comparable capabilities than practices with 
less robust EHRs. Through pay-for-performance programs, 
the Center for Medicaid Services (CMS) financially incentivizes 
healthcare clinicians to meet quality standards for Medicare- 
covered patients, thus motivating practices with a higher pro-
portion of Medicare patients to regularly engage with the 
dashboard to maximize their success in these programs. Since 
engagement was analyzed at the practice-level, individual fac-
tors such as new vs experienced users were approximated by 
the number of years a practice participated in the registry and 
dichotomized based on whether their first user’s account crea-
tion date was within 2 years of the study start date in 2020.

Findings from the application of the BDC framework 
to assess engagement with a QCDR dashboard
During 2020 and 2021, there were 379 active RISE- 
dashboard individual user accounts affiliated with 213 
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practices. Most practices were rheumatology-only practices 
(single-specialty or solo practitioners; 90%) and had the 
EHR vendor NextGen (40%). The majority of practices had 
fewer than 5000 patients and a patient case-mix that con-
sisted predominantly of female, non-Hispanic White patients, 
under the age of 65 (Supplementary Appendix 2).

Metrics to assess engagement. We observed a total of 6889 
dashboard sessions across all practices during 2020 and 
2021. Sessions, measure-actions, and action-type counts from 
2020 and 2021 are shown in Supplementary Appendix 3.

Dashboard engagement profiles. By breadth and depth 
dimension of use metrics, 8% of practices had no engage-
ment, 39% had minimal engagement (breadth, no depth), 
and 19% had most engagement (high breadth, high depth) in 
2020. A similar distribution of engagement was observed in 
2021. Sessions were most common at the end of the calendar 
year during both 2020 and 2021 (Figure 3). We observed 
similar patterns for drilldown measure-actions and perform-
ance summary actions. These trends held across all engage-
ment groups. The majority of practices (63%) stayed in the 
same profile from 1 year to the next (Figure 4). Only 9% of 
practices moved into a more engaged profile; 28% moved 
into a less engaged profile.

Contextual factors associated with engagement. Practices 
with 5000 or more patients had a significantly higher likeli-
hood of being in the most engaged group compared to 

practices with fewer patients, even after adjusting for other 
factors (24% vs 9%, P< .05) (see Supplementary Appendix 4). 
Practices utilizing the EHR vendor eClinicalWorks or eMDs 
had a significantly increased probability of most engaged dash-
board use compared to practices using Nextgen (25% and 
33% vs 10%, respectively, P< .05). In all adjusted models, 
practices were more likely to be most engaged with the dash-
board during the year 2020 compared to 2021 (19% vs 14%, 
P< .05).

A sensitivity analyses that examined the association 
between most engaged dashboard use and practice character-
istics in a single year, and an analysis restricted to NextGen 
practices yielded similar results to the primary analysis (see 
Supplementary Appendix 4).

Discussion
In this study, we developed the BDC (Breadth-Depth-Con-
text) framework to measure engagement with a QCDR dash-
board. By adapting concepts from clinical dashboard 
literature, we constructed a versatile framework that encom-
passes both breadth and depth dimensions, and a feasible, 
step-by-step guide for implementing the framework to assess 
engagement. Next, we demonstrated the application of the 
BDC framework to classify engagement at the practice-level 
using audit log data from the RISE registry, a specialty-care 

Figure 2. RISE dashboard engagement by breadth (consistency of sessions) and depth (consistency of measure-actions) metrics in 2020. Engagement 
profiles of the RISE dashboard by breadth and depth of use in 2020. Breadth of use is measured by session consistency within 2020 and defined by the 
percent of months with at least 2 sessions. Depth of use is measured by measure-action consistency within 2020 and defined by the percent of months 
with at least 1 measure-action. The units of the breadth and depth axes are percent of months, whereby 0% represents 0 months, 25% represents 3 
months, 50% represents 6 months, 75% represents 9 months, and 100% represents 12 months in a year. Engagement profiles are defined as (1) most 
engaged: ≥50% of months with at least 2 sessions AND ≥50% of months with at least 1 drilldown measure-action, (2) moderately engaged: ≥50% of 
months with at least 2 sessions and <50% of months with at least 1 drilldown measure-action, <50% of months with at least 2 sessions and ≥50% of 
months with at least 1 drilldown measure-action, OR <50% of months with at least 2 sessions and <50% of months with at least 1 drilldown measure- 
action, (3) minimally engaged: any percent of months with any sessions and 0% of months with at least 1 drilldown measure-action, and (4) no 
engagement 0% of months with sessions and 0% of months with drilldown measure-actions.
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(rheumatology) QCDR. These data show that in the case of 
the RISE registry, many practices had little to no engagement. 
Practices with larger patient volumes and those utilizing 
EHRs with less specialty-specific embedded software were 
more likely to be highly engaged with the RISE dashboard. 
Perhaps not surprisingly, these findings imply practices most 
driven to engage with the dashboard may be those with 
opportunity (personnel resources available) and need (lacking 
native EHR tools).

Analysis of user audit log data in healthcare is an emerging 
field, and there are a limited number of studies that have 
examined clinician engagement with dashboards (none with 
QCDRs specifically). Prior studies did not consider the 
broader range of breadth and depth metrics elucidated above 
and rarely addressed the contextual factors in which various 
dimensions of use occur.17,18 The majority of existing litera-
ture focused on the breadth dimension of use, usually defined 
by session count or session time, and infrequently explored 
depth of use.19–34 Of the studies that explored both breadth 
and depth dimensions of use, most inadequately captured 
depth of engagement and did not integrate these dimensions 
to effectively define more complex forms of engage-
ment.27,35–48 A subset of studies employed both dimensions 
of use to create user profiles and evaluated use within specific 
contexts.49–55 Nevertheless, the profiles of engagement 
described in these studies are not established within a defined 
framework nor are the profiles easily applicable to different 
settings. To our knowledge, there is only one pre-existing 
framework for evaluating user engagement with a clinical 

dashboard; however, this evaluative framework focused on 
interaction effectiveness, user experience, and system efficacy 
and did not emphasize the actual usage of the tool itself as 
our BDC framework does.56 Thus, our study extends this lit-
erature in important ways by conceiving a multi-dimensional 
approach for assessing engagement that permits us to gain 
deeper insight into how users utilize and derive value from 
dashboard features.

In applying the BDC framework to the rheumatology 
QCDR dashboard audit log data, we faced many decisions 
about how to operationalize specific dimensions of breadth 
and depth, and how to effectively combine these metrics to 
generate robust user profiles of engagement. In the RISE 
registry example, we specifically selected session consistency 
and measure-action consistency as metrics for breadth and 
depth, respectively. This choice was based on the understand-
ing that improving population health is an on-going 
endeavor, so regular sessions and utilization of additional 
dashboard functionality to monitor quality measure perform-
ance are more likely to result in meaningful gains in quality. 
However, it is possible that by emphasizing consistency of 
use, we may have missed practices who focused their dash-
board engagement around the time of MIPS (national pay- 
for-performance program) submissions, as suggested by the 
calendar time analysis in Figure 4 that showed a peak in 
engagement across all profiles at the end of the calendar year. 
An alternate classification of user profiles could have high-
lighted different user goals, for instance, a “population 
health” profile for practices with consistent use versus a 

Figure 3. RISE dashboard session and action consistency by month, stratified by engagement profile. Seasonality of session consistency, measure- 
action consistency, and performance summary action consistency by engagement profile across 2020 and 2021. Session consistency is defined as the 
percent of months with ≥2 sessions, measure-action consistency is defined as the percent of months with ≥1 drilldown measure-action (measure-level 
actions), and performance summary action consistency is defined as the percent of months with ≥1 performance summary report generation (summary- 
level action). Engagement profiles are defined as (1) most engaged: ≥50% of months with at least 2 sessions AND ≥50% of months with at least 1 
drilldown measure-action, (2) moderately engaged: ≥50% of months with at least 2 sessions and <50% of months with at least 1 drilldown measure- 
action, <50% of months with at least 2 sessions and ≥50% of months with at least 1 drilldown measure-action, OR <50% of months with at least 2 
sessions and <50% of months with at least 1 drilldown measure-action, (3) minimally engaged: any percent of months with any sessions and 0% of 
months with at least 1 drilldown measure-action, and (4) no engagement: 0% of months with sessions and 0% of months with drilldown measure- 
actions.
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“MIPS submission” profile for practices with more seasonal 
engagement.

Considering the context of dashboard users can offer val-
uable insights for enhancing the utility of the dashboard. In 
the case of the RISE registry, we examined factors within the 
inner and individual setting.

Our analysis revealed that practices with a larger number 
of patients were more inclined to engage with the dashboard. 
This could be attributed to larger practices having more 
resources dedicated to quality improvement and federal 
quality-related reporting activities. On the contrary, smaller 
practices without additional staff may lack the time and 
resources necessary to address quality improvement via dash-
board use or actively participate in pay-for-performance pro-
grams.2,65–67 Differences in engagement were also noted for 
practices with different EHR vendors. EHR vendors can have 
different native tools available for population health manage-
ment that serve a similar purpose to the QCDR clinician 
dashboard. Consequently, practices utilizing these EHRs may 
have alternative means to identify patient subsets and target 
them for quality improvement, while practices using EHRs 
with few or less functional tools may be highly motivated to 

access a QCDR dashboard.68 This could explain why practi-
ces with particular EHR vendors show lower or higher 
engagement with the QCDR. Indeed, our findings that eClini-
calWorks and eMDs practices had a higher likelihood of 
being engaged users could be explained by the fact that these 
EHRs are known to lack rheumatology-specific software 
modules and quality reporting features that are present in 
other EHR vendors like Nextgen.69,70 Taken together, our 
findings can be used to drive investment into dashboard mod-
ifications aimed at enhancing usability for smaller practices 
and optimizing dashboard features for larger practices who 
currently use the dashboard more frequently.

The strengths of this work include a robust conceptual 
framework and step-by-step guide for creating metrics, and 
developing user profiles in this novel application to clinician- 
facing health IT tools. The metrics within the framework 
were purposely designed to be flexible to allow adaptation 
and application to different use cases. The BDC framework 
can be implemented to assess engagement with many medical 
or subspecialty IT tools, of which a subspeciality ambulatory 
QCDR (RISE registry) is just one example. Nevertheless, the 
application of the framework to the RISE registry highlights 

Figure 4. Change in practice dashboard use (practice- level) between 2020 and 2021. Change in engagement profile from 2020 to 2021. The left-hand 
column displays practices’ profile of engagement in 2020 and the right-hand column displays practices’ profile of engagement in 2021. The color of the 
flow corresponds to the initial engagement profile in 2020 and the width of the follow corresponds to the number of practices transitioning from a given 
profile in 2020 to a given profile in 2021. Engagement profiles are defined as (1) most engaged: ≥50% of months with at least 2 sessions AND ≥50% of 
months with at least 1 drilldown measure-action, (2) moderately engaged: ≥50% of months with at least 2 sessions and <50% of months with at least 1 
drilldown measure-action, <50% of months with at least 2 sessions and ≥50% of months with at least 1 drilldown measure-action, OR <50% of months 
with at least 2 sessions and <50% of months with at least 1 drilldown measure-action, (3) minimally engaged: any percent of months with any sessions 
and 0% of months with at least 1 drilldown measure-action, and (4) no engagement: 0% of months with sessions and 0% of months with drilldown 
measure-actions.
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some limitations of the framework itself: first, the efficacy of 
the framework in constructing user engagement profiles relies 
on the availability of user log data. Our RISE data analysis 
was limited by missing information on session duration, 
which made a more nuanced evaluation of breadth of use 
impossible. Second, understanding contextual factors 
requires detailed information about the setting in which use 
occurs, which is not always feasible: as seen with the RISE 
analysis, the existence or lack thereof of tools for quality 
improvement within the EHR may have impacted practice 
engagement and motivation to use the QCDR dashboard.

Conclusion
In summary, we developed a comprehensive framework that 
classifies engagement with clinician-facing health IT tools 
and is also flexible enough to be applied to other tools where 
audit log data are collected. When applying this framework 
to the RISE registry, we discovered significant variation in 
dashboard engagement and identified important contextual 
factors that are associated with engagement, such as the 
availability of personnel or access to existing EHR-based 
tools. While we can hypothesize that being most engaged 
with the dashboard enables quality improvement, additional 
study is needed to understand whether engagement profiles 
mediate the improvement in quality of care that is observed 
with participation in a QCDR.71 Such research will not only 
improve our understanding of how dashboard engagement 
may translate into tangible improvements in healthcare qual-
ity but inform stakeholder funding in the design and develop-
ment of future clinician-facing health IT tools.
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