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Abstract

Background
Electronic health records (EHRs) collect real-world clinical data that can objectively measure clinical
outcomes and deliver personalized learning opportunities for clinicians when analyzed. Current safety
principles and the learning health system framework recognize that proactive analysis of routine practice
data, rather than only monitoring adverse events, is fundamental to the continuous improvement of
patient and clinician outcomes. The aim was to assess musculoskeletal clinicians’ use of an EHR and
identify areas of potential clinical improvement by comparing data entry variability with clinical
outcomes.

Methods
A retrospective observational study was conducted on EHR data from an Australian occupational
healthcare organization employing chiropractors, physiotherapists, and osteopaths from 2014–2021.
Data were restricted to food manufacturing industries to control for patient population variability, and
clinicians with fewer than 100 complaints were excluded. The primary outcome was treatments to
release (TTR). Variables were selected based on a literature review of predictors of work-related
musculoskeletal disorder outcomes.

Results
Data from 46,539 complaints and 52 clinicians were analyzed. Meaningful variation was identified
across all variables examined, consistent with the presence of learning opportunities within routine
clinical data. Mean TTR ranged from 1.02 to 5.16 across clinicians, with body region and mechanism of
injury associated with variation in recovery length. Obstacles to recovery documentation varied widely
across clinicians, from 1.9% to 85.4%, while psychosocial factors ranged from 0% to 20.4%. Prognosis
accuracy was consistent across all experience levels, with clinicians consistently overestimating
recovery length, offering insights into opportunities for clinician development.

Conclusions
Clinical EHR data contains meaningful information that supports the identification of learning
opportunities for clinicians, to inform feedback discussions on clinician skills, biases, and EHR training.
Clinical quality measurement as part of routine clinical governance is a significant safety improvement
for patients, who deserve care from clinicians who have access to objective EHR data, not solely self-
assessed competence.
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Background
A clinician may determine that an injured worker’s shoulder pain will never fully resolve, and they will
require ongoing treatment to remain in their role on the production line, while another clinician fully
resolves the same condition and returns the worker to full duties. Both patients might report high
satisfaction if expectations were appropriately set, yet their clinical outcomes are vastly different.
Measuring clinical performance in terms of patient outcomes is challenging, so, how do we know if we
are providing high-quality care? Objective structured clinical exams (OSCEs) for students assess
performance at a single point in time [1]. Patient-reported outcome measures (PROMs) provide patient-
centric data, while satisfaction scores provide limited detail on the efficacy of care. What we fail to do
well is measure the quality of clinical care in terms of efficiency and long-term health outcomes. Once
graduated, musculoskeletal (MSK) clinicians have little ability to objectively assess their performance,
with continuing professional development relying on subjective self-assessment through learning
journals rather than objective data.

Electronic health records (EHRs) collect data on every patient encounter, revealing patterns in practice by
identifying where outcomes vary between clinicians, and where targeted learning might improve results.
Providing clinicians with feedback on their clinical data can improve both outcomes and data capture
[2–4]. As health systems adopt value-based care models [5] that link outcome measurement to clinical
and cost improvement [6], the ability to analyze clinical EHR data becomes increasingly important. With
MSK conditions affecting more than 1.63 billion people globally as the second leading cause of non-fatal
disability [7], the consequences of variation in quality of care extend beyond pain, but to prolonged
recovery, unnecessary recurrence, and personal, economic, and social costs [8]. Delivering high-quality
MSK care is a patient safety imperative. Yet despite the volume of data MSK clinicians collect, there is
little evidence that routine EHR can identify or inform clinical practice variation or clinician development,
whether due to infrastructure, culture, capability, or methods.

The gap has broader implications for patient safety. The World Federation of Chiropractic (WFC) Global
Patient Safety Task Force has called on the profession to embrace the World Health Organization (WHO)
Global Patient Safety Action Plan framework [9], and to collect, analyze, and publish transparent, high-
quality safety data to function as a learning profession through proactive learning [10]. Research into
patient safety culture in chiropractic found that the profession has focused extensively on traditional
safety methods, such as reactive adverse-event documentation, with limited infrastructure for proactive
performance monitoring [10].

In modern safety methods, the Safety-II principles recognize that safety is present in everyday work that
goes well [11], viewing safety as an active presence and appreciating that healthcare clinicians often
work to ensure their patients receive safe, high-quality care. This requires analyzing clinical data to
identify what's working and where targeted learning could improve outcomes. In healthcare, Safety-II
principles are integrated via the learning health system. The learning health system is a concept in which
data flows through a continuous cycle. Clinical practice generates data, which is analyzed to generate
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knowledge that feeds back to improve practice. The WHO's objectives recognize that maintaining
clinician competency through lifelong learning is critical to patient safety. In the learning health system,
real-world EHR data can be used for analytics, enabling identification of variations across clinicians that
may indicate knowledge gaps or training opportunities to build a learning culture.

The aim was to assess clinicians' use of an EHR to identify potential learning opportunities by comparing
variability in data entry with clinical outcomes. A learning opportunity is defined as a pattern identified
within EHR data that, has the potential to prompt reflection, inform clinical decision-making, or support
practice improvement. Learning opportunities do not imply substandard care, rather, they represent
signals within aggregated data that may warrant further investigation and discussion. As a proof-of-
concept analysis, this analysis does not intend to definitively determine whether findings represent true
training needs, as understanding the meaning behind the data requires discussions with clinicians.
Rather, the intent is to provide a practical methodology for medical educators and organizational leaders
to reuse clinical EHR data for continuous quality improvement, recognizing that each organization will
have different use cases and applications.

Methods
The data source

An organization operating nationally across Australia employs chiropractors, physiotherapists, and
osteopaths who provide on-site care to injured workers. They operate a value-based care model with
closely monitored outcomes, clinician KPIs, and governance processes ensuring quality of clinical care.
Clinical outcomes data is reused for reporting to both clinicians and clients. Previous data quality
analyses of the EHR show that the data are appropriate for predicting outcomes of care [12], yet indicate
variability in how clinicians enter data into the EHR [13], leading to the hypothesis that analyzing patterns
in relevant EHR fields would reveal learning opportunities.

The EHR dataset includes 58571 patient complaints (care plans) from 20663 unique patients and data
from 67 chiropractors, physiotherapists, and osteopaths. All records available for analysis were included.
Data from July 2014 to November 2021 were analyzed, although the obstacles to recovery variables
were added to the EHR during this period, limiting analysis of these variables from January 2018. The
dates represent those between large EHR upgrades, which would impact data availability and analysis.
Clinicians work across a range of industries, predominantly manufacturing. Therefore, to control for
case-mix variability across industries, the analysis was restricted to food manufacturing, the most
common industry in the dataset. Clinicians rotate workplaces around every six months and typically
work across multiple sites weekly, reducing the influence of worksite-specific injury and cultural factors
on individual clinician data. Patients’ appointments are not assigned to specific clinicians. On occasion,
a clinician may refer a complex case to another clinician, although most commonly, there is only one
clinician working at a site at a time. The dataset contains mostly structured variables regarding patients’
complaints, examinations, care plans, treatment notes, and medical history. For example, aggravating
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and relieving factors, onset mechanisms, and treatment modalities are selected from lists rather than
entered as free text. The generalizability [14] and quality of the data [12] have been outlined in previous
studies.

The analysis

Variables were selected based on a literature review of predictors of work-related MSK disorder
outcomes and consultation with senior clinicians as EHR subject matter experts. While harmonized
quality indicators do not yet exist for MSK practice, the selected metrics align with quality indicator
frameworks [15, 16] and map to the process and outcome domains of the Donabedian structure-
process-outcome framework for quality indicators [17]. Mapping of the EHR variables to QI frameworks
is outlined in Supplementary Material 1 [18–24]. As the EHR data had already been used to report clinical
outcomes to workplaces and clinicians, deep insights were available from subject matter experts.
Hypotheses were developed on expected usage patterns and their relationship to outcomes before
analysis commenced.

Although the EHR includes key tests and PROMs, these fields are non-mandatory and have high
missingness, making them unsuitable for this analysis. The primary outcome was treatments to release
(TTR) which is the number of visits until a patient is released from care, defined as complaint resolution
or ability to self-manage. TTR is monitored within the organization under established governance
processes, and the metric used here includes any reinjury or recurrence within six months. Patients may
also exit care through referral, employment cessation, or other attrition, and whilst this would make
interesting inter-clinician analysis, these reasons are not available for research analysis; it was estimated
internally at 1% of care plans. It is possible there is variability between clinicians that could be uncovered
in the analysis of patients exiting care. Clinicians with fewer than 100 complaints were excluded as likely
new or untrained. Confidence intervals were t-distribution derived. Any missing data is reported in tables
and excluded, but because mandatory data collection is required, this is rare. Analysis of data quality
relating to plausibility, conformance, completeness, and extrinsic factors such as governance, timing,
accessibility, interoperability, and technical platform is reported in prior work [12]. Any grouping of data
for graphs was chosen to avoid having a single clinician in a group.

As the aim of the paper is to assess EHR data for learning opportunities, the analysis was conducted in
Excel and Tableau. Tableau was used as the visualizations provide easy-to-understand representations
of the data that are likely more useful for clinical leaders and educators than more technical statistical
software. As this is only an initial analysis, many factors underlie each data point, meaning a more
technical software tool may be less effective at demonstrating the opportunities the EHR data could
provide.

The variables

Treatments to release by body region
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The EHR captures 28 specific body regions, grouped into 7 larger body areas. The larger body area was
used for analysis. The clinician's average TTR was compared by body region. When reporting clinician
averages, clinicians with fewer than 10 records per body region were excluded to provide more accurate
averages.

Recurrence of conditions – Reopened care plans
A recurring care plan is one that has been released and reopened due to returning symptoms. It was
hypothesized that clinicians may release patients at different points depending on their understanding of
the condition — for example, resolving local pain without addressing the underlying mechanical load may
precipitate recurrence. Recurrence was calculated as the proportion of reopened care plans relative to
total care plans. For clarity, the TTR metric included all reopened care plans, thus the total number of
visits for a complaint, where for this analysis, if the complaint was released from care then returned,
these are considered as separate.

Mechanism of injury
Mechanism of injury is captured across five coded subcategories of traumatic, repetitive overuse,
static/postural, exertional, or nothing specific. Four non-traumatic subcategories map to SafeWork
Australia's 'body stressing' category. Repetitive overuse indicates that symptoms occur from cumulative
mechanical loading during repeated task performance. Exertional causes refer to symptoms that begin
with a discrete physical effort without a clear traumatic event. A static/postural cause describes
symptoms attributed to sustained or awkward postures. A traumatic cause indicates symptoms
following an identifiable traumatic incident. Nothing specific indicates that no clear mechanism could be
identified. The hypothesis was that if clinicians do not correctly understand the mechanism of injury, they
may miss critical questions in the patient interview and treatment options, and fail to resolve conditions
as quickly as if they had better information to inform their clinical decisions. Percentage usage of each
subcategory was compared across clinicians; those with fewer than 10 records per subcategory were
excluded.

Obstacles to Recovery
The organization captures structured data relating to any perceived obstacles to recovery for patients.
They are documented by treating clinicians at any point in the care plan using a structured field within
the EHR, allowing selection of one or more complicating factors. Each factor was assigned to one of 9
categories: Medical History, Physical, Psychosocial, Compliance and Communication, Workplace, Injury,
Job, Health, Outside Work Physical Activity, with around 10 individual factors in each category. These
categories span biopsychosocial, occupational, and patient engagement domains. These factors are
predominantly those shown in the literature to predict outcomes for WMSDs [25], as well as those
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identified by clinicians within the organization as trends. The literature shows that psychosocial factors
significantly impact recovery from injury [26, 27].

Prognosis
Clinicians record the expected number of treatments needed to release a patient at the initial visit. This
is captured as a mandatory structured field in the EHR at the point of first consultation, before the
clinical outcome is known. Accuracy was assessed by comparing this initial estimate against the actual
number of treatments recorded at the point of release from care. It was hypothesized that clinicians
become more accurate at recording prognosis over time; therefore, clinicians were grouped by length of
service to report the expected versus actual treatments to release. The groupings were not decided by
the researchers and were already present in the dataset as they were used for internal analysis and
clinical governance. Existing quality indicators require prognosis to be documented, and that sessions
be in agreement with prognosis [28], yet no validated quality indicators currently measure prognosis
accuracy as a computable metric as this EHR can achieve.

Additional treatment variables, including the number of modalities used and the number of structures
treated across a care plan, were considered and reported as means. However, these variables were not
compared against treatments to release, as they were identified as potential confounders, as both are
expected to increase as care plan length increases, reflecting clinician attempts to identify underlying
causes of patient conditions rather than serving as independent predictors.

Learning Health System Framing
The analytical approach in this study is grounded in the learning health system framework. Friedman
describes this cycle in terms of three information flows: performance-to-data (P2D), data-to-knowledge
(D2K), and knowledge-to-performance (K2P) [29]. Our study methods address the P2D and D2K phases
of this cycle (Fig. 1), using routinely collected EHR data as the raw material for descriptive analysis and
visualization.

 

Results
There were 46539 patient complaint records analyzed for 52 clinicians across 64 workplaces in the food
manufacturing industries. The mean body regions treated per complaint is 2.11 (CI 2.10–2.20), clinician
range of 1.25–3.23. The mean number of joints documented as treated per complaint was 2.42 (CI
2.14–2.70), clinician range of 0.95–7.01. No missing data were present for body region, treatments to
release, prognosis, reopened care plan, or mechanism of injury variables. Obstacles to recovery
recording varied by practitioner, and missingness was reported as is, with no discussion with users to
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determine missing at/not at random status. No demographic information, including sex and profession
(chiropractor, physiotherapist, osteopath), was available for reporting due to privacy requirements.

Figure 2 demonstrates that the elbow and lower arm are the most common regions treated (23.14%),
with hips and upper leg the least (3.62%). Shoulder and elbow region complaints required, on average,
more treatments than other body regions (3.89), with the upper back requiring the least (2.92). The
figures reflect the types of manual work involving upper-body effort in the food industry. Individual
clinician variability ranged from an average of 0.24 treatments in the knee to 6.52 in the elbow. During a
patient consult, if no treatment or exercises are provided, only advice, then this visit is recorded as ‘0’,
which is why some clinicians have an average treatment to release less than 1.

There is a range of reopened care plans (1.52–23.89%) across clinicians. Overall, reopened care plans
account for only 11.41% of care plans (Fig. 3). Five clinicians have over 20% of their care plans reopened,
whilst 6 have them reopened less than 4% of the time, representing a significant range.

The mechanism of injury (Fig. 4) analysis found repetitive overuse the highest TTR (3.69), and the lowest
for traumatic injuries (3.18). Clinician variability is wide for some variable options, such as repetitive
overuse, whereas it is much narrower and tighter for the option of ‘traumatic’. Repetitive overuse usage
varies between 2.55% and 84.21% across clinicians. Traumatic injuries are associated with fewer body
regions treated (1.72) and fewer joints (1.48) compared to other mechanisms as traumatic injuries tend
to be more localized to a body region. Static postural issues demonstrated the highest number of joints
treated on average (2.88).

Obstacles to recovery (Fig. 5) were documented in 30.14% of complaints, with substantial variation
across clinicians, ranging from 1.86% to 85.39%. Clinicians who documented obstacles more did so
across all subcategories of obstacles. Although some clinicians preferred categories for recording
obstacles, one clinician documented medical history factors in 58.42% of cases, and another
documented compliance and communication issues in 41.88% of cases. Among the most common
compliance and communication issues were language barriers and patients’ failure to follow home-
strengthening programs. Where any obstacle was recorded, mean treatments to release was
substantially higher (4.87) compared to the overall dataset mean of 3.43. Workplace and health
obstacles were associated with the longest treatment episodes. Psychosocial obstacles were recorded
in 7.26% of complaints, with physical and emotional dependence on treatment, high levels of stress, and
high pain catastrophising the most identified factors. Many heavily researched psychosocial factors,
such as poor coping mechanisms (documented in 0.21% care plans) and fear avoidance (documented in
0.20% of care plans), were documented much less frequently. Seven clinicians recorded that
psychosocial factors may influence recovery in less than 2% of complaints.

Clinicians matched their expected prognosis to actual treatments to release in 16.89% of care plans,
with a clinician range of 4.29–28.51% (Fig. 6). In 63.36% of care plans, patients recovered faster than the
clinician predicted, indicating a consistent tendency to overestimate recovery length across the dataset.
This pattern was unexpectedly stable across all lengths of service groups, suggesting that prognosis
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accuracy does not improve with clinical experience. While overestimation was consistent across
clinicians, the degree varied considerably, with 41.89–88.60% of individual clinician care plans resolving
faster than predicted.

Discussion
This proof-of-concept study demonstrates a practical methodology for analyzing EHR data to identify
clinician learning opportunities, addressing critical gaps in high-reliability systems and information
infrastructure identified in patient safety research. The results demonstrate variability in how clinicians
enter data into the EHR, which may offer opportunities for learning and for developing clinical quality and
safety measures. The findings present starting points for dialogue and feedback with clinicians to
address clinician skill, bias, EHR training or EHR design factors that may influence data capture to then
further develop digital audit and feedback systems, on the way to developing a learning health system.

The analysis does not indicate that any clinician is better than any other at resolving patient complaints,
nor that clinicians do not enter accurate data. These determinations would require further analysis
outside of the scope of this paper. In assessing clinician data to develop a learning health system,
uncertainty is to be embraced, and exploration in line with existing external evidence and local
knowledge is encouraged [29]. We believe, based on clinical experience managing cases within this
organization, that the results are due to a mix of factors, including clinician skill, bias, and documentation
habits, EHR training and design, as well as organizational and individual contextual factors.

Interpreting clinician variability
Multiple contextual factors influence the metrics presented, which will vary across systems, settings,
and organizations. Managers, clinical leads, and digital health champions should use established EHR
quality analysis frameworks [12, 30–32] to analyze data quality and gain a deeper understanding of a
dataset's strengths and weaknesses, then assess metrics appropriate to the clinic’s goals and mission.

Organizational governance, such as institutional policies, processes, and accountabilities, significantly
influences clinician documentation behaviors and therefore data quality [33]. For example, this
organization's goal of eliminating pain and restoring pre-injury work capacity differs from high-
performance settings, which aim to optimize athletic performance, or from student clinics, where
students may prioritize patient volume to meet graduation requirements. These varying goals may
influence the number of treatments required to be released from care. In each setting, interdependencies
between many contextual factors, such as supervisor relationships in student clinics, can influence
individual data collection and metrics [34].

Comparisons enable identification of clinician-specific performance patterns relative to peers and
personal benchmarks. For example, in our analysis, the average TTR for the elbow and shoulder regions
is 3.89, higher than other body regions. Average TTR for hips/upper leg is 3.2, where clinicians range
from 0.2 of 5.9 TTR. Individual training strategies may be appropriate for outlier clinicians with hip and
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other body-region conditions, whereas a group training strategy may be more applicable for uncovering
why elbow and shoulder conditions take longer to resolve [35]. A curious mind may find remarkable
insights. Potentially, outlier clinicians are better at more fully resolving patient issues, and we could learn
from them.

Recurrence rates demonstrate wide variability between clinicians. As we attempted to control for
workplace environment and workload variability in our study, this variation warrants further investigation
and may offer clinicians an important learning opportunity. Besides clinician skill and organizational
governance, patient workplace-specific factors are likely to affect clinical outcomes. For our example,
factors such as access to the program and employees' ability to leave their positions on the production
line may influence the treatment numbers and recurrence rates. However, from a clinical training
perspective, excessive recurrences may represent clinicians addressing areas of the patient’s pain yet
failing to address the root cause of the patient’s presenting condition, such as biomechanical
considerations across the whole body. There may be consequences for patients when clinicians fail to
resolve their complaints, leading to reliance on care, or when patients believe they must live with a
condition that could be resolved with a different approach, as in our patient with an injured shoulder, as
described in the introduction. The quality indicator mapping revealed that no quality indicator directly
measures recurrence rate as an outcome, which should be further explored as a potential quality
indicator.

Our results support existing findings that body-stressing mechanisms of injury take longer to recover
than those with traumatic injuries in the workplace [36]. Therefore, clinicians should understand the
mechanism of injury to effectively guide recovery. For example, repetitive overuse injuries likely require
deep analysis of all movements and biomechanics associated with the overuse, whereas traumatic
injuries may not. The data suggest clinicians effectively capture traumatic mechanisms but
inconsistently document repetitive overuse, potentially affecting patient outcomes.

Obstacles to recovery represent critical prognostic data that appear challenging to capture. The
consistent capture across categories between clinicians indicates that the clinician variability found
(1.9–85.4%) is likely a documentation habit [37]. It cannot be assumed that, just because the obstacles
are not documented, they were not inquired about with the patient in the treatment room [38]; therefore, a
deeper understanding by discussing the findings with clinicians would be valuable. For example, some
clinicians may avoid documenting obstacles when unsure of appropriate interventions, such as
addressing psychosocial issues beyond the clinician's scope of knowledge [39, 40]. This may be a
potential reason for lower recording rates of fear-avoidance beliefs than of physical dependence on
treatment in our dataset. A recent UK-wide survey found that psychosocial assessment in MSK
physiotherapy remains inconsistent and largely informal, with clinician confidence more closely linked to
exposure to psychosocial screening tools than to years of clinical experience [41]. However,
undocumented obstacles cannot be monitored throughout a care episode or used to inform
personalized treatment [16]. For patients experiencing fear avoidance or poor coping, the absence of
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these factors in the clinical record may reflect a missed opportunity to address the full picture of
recovery limitations.

Prognosis accuracy requires a clinician to identify patient-centered factors that influence an individual
patient’s recovery, enabling them to develop targeted plans and goals. Clinicians demonstrated
consistent over-estimation of prognosis regardless of experience level. Notably, in this organization,
clinicians may tend to overestimate to ensure production managers can appropriately plan for patients’
time on modified duties. Clinical and quality dashboards can improve adherence to care processes and
may help improve patient outcomes [42]. Visualization of this data to clinicians may improve future
performance. Notably, while existing quality indicator frameworks require clinicians to document
prognosis and align treatment length with it, no validated quality indicator currently measures the
accuracy of that estimate. The observed variation, independent of clinical experience, suggests that the
accuracy of prognosis measurement is a candidate metric for inclusion in future MSK quality indicator
development.

Building a learning profession
Research demonstrates that clinicians are at risk of overestimating their clinical performance, and there
is a gap between clinicians’ self-assessment and objectively measured competence [43]. This can be
viewed as a critical safety issue. In the general population, despite 95% of people believing they are self-
aware, only 10–15% may actually be self-aware enough to recognize specific weaknesses [44]. The
overconfidence hypothesis suggests that clinician overconfidence is a major contributor to diagnostic
errors [45]. These findings from the broader literature underscore the value of objective comparative
data. Without it, and without an understanding of potential bias, clinicians lack essential information to
identify opportunities for improvement.

Visualization of performance data, such as we have presented, is increasingly being used and
researched [46]. Clinician feedback may help improve patient safety [3] with systematic reviews
demonstrating that clinical audit and feedback interventions result in modest but meaningful
improvements in clinical practice, particularly when clinicians can see how their own performance
compares to high-performing peers, where it helps them take action on significant clinical issues and
where there is considerable room for improvement [47]. The effectiveness of audit and feedback
depends, however, on the organizational culture in which it operates [11]. Within the chiropractic
profession, only 23% of safety research has examined clinician beliefs, values, and attitudes in safety
culture, suggesting the cultural foundations for clinicians to act on performance data require further
establishment [10].

The World Federation of Chiropractic explicitly calls for collecting, analyzing, and publishing high-quality,
transparent safety data (21), as a strategic initiative to build professional credibility as a learning
profession. Efforts will support the Patient Safety Taskforce and contribute to data repositories for the
WFC Global Observatory. Whilst medical professions are moving quickly towards learning health
systems and providing decision-support tools to monitor and improve patient quality and safety,
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musculoskeletal professions desperately need the foundational infrastructure, such as EHRs, that enable
standardized, structured data collection to move forward.

Industry reports suggest patients increasingly expect clinicians to use data to inform their decisions [48],
a trend supported by emerging evidence that patients respond positively to data-informed care [49]. A
patient’s choice of clinician should not be the only factor influencing their care outcome; a clinician with
access to objective information to inform their care plans may help achieve a certain quality of care.

Practical Implementation
Clinicians should choose appropriate practice management software that supports clinical data
analytics, as clinicians are more likely to capture high-quality data when they receive value from its
collection, such as through analytic tools [12]. Education and professional development must target
digital health competencies, with student clinic transformation to implement EHR analytical capabilities.
For the profession, work must continue to develop standardized terminology appropriate for MSK
clinicians [9, 50, 51] and integrate this into existing clinical terminologies. Professional associations and
must 1) develop guidance for organizations to address change management strategies required for a
cultural shift towards data-driven care, 2) develop guidance for organizations governance models that
promote a quality culture, 3) work together to understand mechanisms to collate clinical data, with a
focus even more broadly than reactionary measurement of adverse events, toward proactive analysis of
everyday clinical practice in line with Safety II principles and MSK quality indicators. The analysis should
enable the profession to learn from successful outcomes, understand practice variability, and identify the
conditions that enable safe, effective care across diverse clinical contexts, thereby continuously
improving our outcomes.

In the digital health age, healthcare is moving towards more transparent, accountable, and data-driven
care. Clinical governance must include measurement and monitoring of digital clinical data to
demonstrate compliance with quality and safety indicators. As health systems look to alternative
funding models such as value-based care, professions and practices demonstrating measurable value,
as evidenced by quality and safety metrics, may gain competitive, partnership [52] or reputational
advantages. In medicine, payers tie reimbursement to quality metrics such as readmission rates, with
financial penalties for poor performance [53]. While MSK is still developing equivalent, validated quality
indicators [16], the metrics derived from the clinical EHR data used in our paper may be considered
candidate indicators.

Strengths and limitations
The study demonstrates that learning opportunities can be identified with clinical EHR data analysis. The
methodology was possible due to structured data collection [54], digital health workforce capacity, and a
value-based care model that prioritizes outcome measurement. The ability to build visualizations and
dashboards of clinical EHR data provides clinical leaders and clinicians with accessible and easy-to-read
feedback on outcomes without requiring advanced technical knowledge. The present study focuses on
the outcome and process domains of the Donabedian quality indicator framework [17], whereas the
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structural domain, encompassing organizational governance, EHR infrastructure, and clinician
engagement with data quality, are not addressed in this study, yet have been addressed in our prior
studies [12, 13], which outline the EHR dataset quality analysis.

The study was not designed to definitively determine whether findings reflect clinician skill, knowledge
gaps, or organizational governance factors. This would require further investigation through discussion
with clinicians and longitudinal monitoring to determine whether patterns change following targeted
interventions. As the proof-of-concept analysis intended to identify signals for discussion rather than
draw conclusions about clinician performance, descriptive statistics with confidence intervals were
considered the appropriate approach. Formal comparison through inferential testing between clinicians
was not undertaken, as this would imply evaluative claims about individual performance that fall outside
the scope of this analysis.

The analysis was limited to a single organization operating in the food manufacturing industry in
Australia, limiting generalizability to other clinical settings. The selected outcome variable of treatments
to release was well-suited to this organizational context, but may not translate directly to other practice
models. Finally, as with all EHR-based analyses, findings reflect documented practice rather than actual
clinical behavior, and variability in data entry habits may influence results independently of the clinical
patterns being examined.

Future research would implement performance analytics dashboards with targeted interventions to
monitor whether data patterns change over time and create continuous improvement cycles.

Conclusions
The study demonstrates that analyzing routine EHR data can reveal clinical patterns in practice that
would remain invisible to individual clinicians without access to comparative, objective metrics. Findings
included variability in clinicians’ treatment requirements for release from care, the accuracy of
prognoses, documentation of obstacles to recovery, and mechanism-of-injury coding. The findings
reflect opportunities for discussion with clinicians and for developing infrastructure for proactive
performance measurement and monitoring. The findings are not a reflection of individual clinicians
quality and safety performance, but rather an argument for building systems that could support
clinicians in further helping their clinical and patient outcomes.

Measurement and monitoring of clinical EHR data is a step toward modelling patient safety and quality
of care outcomes. This study demonstrates that structured data collection, analytical curiosity, and
organizational knowledge are sufficient to generate actionable insights. Building a functioning learning
health system requires governance frameworks that treat clinical data as a learning asset, transparent
performance monitoring, and digital health competency as a core clinical skill, as demonstrated in this
study.
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Healthcare systems globally are moving toward greater transparency, accountability, and data-driven
quality improvement. Health professions that invest now in the infrastructure and culture of proactive
performance monitoring will be better positioned to meet that standard, to demonstrate the value of
what they do in clinical practice, and ultimately to improve patient outcomes.
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Figure 1

Methodology mapped to Friedman Learning Health System Cycle

Adapted from Friedman CP (2022). What is unique about learning health systems? Learn Health Syst.
6(3):e10328.

Italics represents stages of study methodology mapped to learning health system phases
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Figure 2

Clinicians’ treatments to release by body region

Figure 3

Reopened care plans (% by clinician)

Page 20/22



Figure 4

Mechanism of Injury

Figure 5

Obstacles to Recovery
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Figure 6

Prognosis accuracy for clinicians’ estimation of treatments required to release them from care.
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