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Abstract

In recent years, performance reporting has emerged as a powerful tool for enhancing quality, accountability, and
responsiveness within health sciences education. With more pressure placed by accreditation authorities, governments,
learners, and healthcare systems, conventional performance reports that focus on retrospective data and compliance
have become outdated. This paper reviews the development of the performance reporting systems of the health sciences
institutions and discusses how digital transformation, data governance and benchmarking can be enhanced for
educational excellence at institutional and national levels. There is growing evidence on the move from indicators
related to input such as physical infrastructure or ratio of teachers to competencies measured in terms of learning
outcomes of students and their success in professional life after graduation. Learning management systems, digital
dashboards, predictive analytics and open database systems provide excellent opportunities for real-time monitoring
and evidence-informed decision-making. Nonetheless, significant challenges persist, especially in low- and middle-
income nations, where the disjointedness of systems, inadequate infrastructure, and poor governance impede
implementation. Robust policy attention is further needed to address ethical issues of privacy, fairness and data
ownership. According to the review, performance reporting may be effective when it standardizes indicators,
interoperable technologies and commitment of leaders to use data. A robust reporting system will improve the
curriculum, prepare for accreditation, plan the workforce, and more. In the future, researchers should longitudinally
evaluate, cost-effectively model and scale these initiatives in resource-poor settings across the globe.

Keywords: Performance reporting; Health sciences education; Learning analytics; Data governance; Quality
improvement

1. Introduction

The quality of health sciences education is an essential determinant of the competence, preparedness and moral
integrity of the health workforce (Reilly et al.,, 2024) and a fundamental basis for resilient national and global health
systems (Perleth et al,, 2022). Health systems are under constant pressure from demographic transition, emerging
diseases (Perleth et al., 2022), and technological disruptions (Perleth et al., 2022). Accordingly, there is an urgent need
for well-responding, evidence-informed health professions education. In this context, the use of performance reporting
systems has come to serve as a key tool for using educational data to inform continuous quality improvement,
accountability, and decision-making (Robinson & Song, 2019; Schildkamp, 2019; Agyei, 2026). Performance reporting
refers to the collection, integration, analysis, and reporting of educational performance data at institutional, curricular,
and learner levels (Robinson & Song, 2019; Schildkamp, 2019; Silas & Adjaottor, 2026). When well designed, such
systems serve as enabling infrastructure that links educational inputs and processes to measurable outcomes, with a
view to accreditation, institutional benchmarking, and workforce planning (Frank et al., 2020; Reilly et al., 2024). The
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data systems that have evolved beyond reporting to administration are now central for graduate competency, patient
safety, and responsiveness to the changing health needs of the population (Reilly et al,, 2024; Frank et al., 2020). Despite
the importance of performance reporting for strategic management in health sciences institutions, it is not well
developed (Frank et al., 2020).

In low- and middle-income countries (LMICs), in particular, such reporting systems may be fragmented, with data split-
off into distinct departments, campuses, regulatory bodies and so on, leading to lack of integration or coherence
(Jayathissa & Hewapathirana, 2023; Neill et al,, 2023). The lack of common indicators inhibits benchmarking and
undermines the comparability of results between institutions, hampering the regional and national quality assurance
(Frank et al,, 2020; Hossain, 2023). Furthermore, the continued reliance on retrospective, manual, or paper-based
reporting processes hampers timely decision-making and constrains the capacity for adaptive institutional governance
(Syed et al., 2020). The governance of health professions education and national education excellence are affected by
their systemic weaknesses. When performance reports are inadequate the institutions do not improve themselves
(Franketal,, 2020). Inadequacy in performance reports also impairs the accreditation process in the institutions (Frank
et al,, 2020). Moreover, when performance reporting is inadequate, transparency, as well as the capacity of members'
states to plan and optimize the health workforce in the countries, are limited (Simkin et al,, 2024). With an increasing
emphasis on outcome-based education and continuous quality improvements in global accreditation systems like those
developed by the World Federation for Medical Education and other professional councils, the demand for sustained
and reliable comparable educational performance data is mounting (Er et al,, 2021; Frank et al., 2020).

The systems of performance reporting are strengthened by the convergence of three global forces. To begin with, rising
accountability expectations from governments, students, and the public require education systems that provide
transparent and auditable educational performance underpinned by sound data governance principles (Robinson &
Song, 2019; Schildkamp, 2019). Secondly, institutions must be equipped with harmonized reporting infrastructures as
global accreditation and quality assurance frameworks increasingly call for standard outcome-based indicators
(Hossain, 2023; Frank et al,, 2020). The mobility of health workers across countries reinforces the importance of
comparable education metrics for portability and credibility of qualifications to facilitate cross-border movements
(Frank et al., 2020; Hossain, 2023).

Advancements in digital health technologies, learning analytics, and institutional data systems offer more opportunities
than ever to move performance reporting from static, retrospective documentation to active dashboards or predictive
and decision-supportive systems (Ogundiya et al., 2024; Hernadndez-Campos et al., 2025). However, this potential can
be realized through an integrated framework of data governance structures, interoperable digital platforms,
standardized metrics, and institutional capacity strengthening. Through this narrative review, we aim to bring together
evidence on data-driven performance reporting approaches in health sciences institutions, as well as enhancing
excellence in education at an institutional or national level. I also recommend another refinement: several citations (e.g.,
Frank et al., 2020, Robinson & Song, 2019, Schildkamp, 2019, Perleth et al.,, 2022) can be reused throughout the paper
so that many references appearing only once elsewhere can be eliminated, substantially shortening the final reference
list while preserving academic rigor.

2. Evolution of performance reporting in health sciences education

2.1. Traditional vs. Modern Reporting Systems

Over the years, reporting performance in health sciences education has been largely retrospective, compliance-driven,
and input-oriented. Much of the reporting work done in both health and education is done to satisfy the accreditation
requirements and institutional governance processes (Frank et al., 2020; Hossain, 2023). The initial frameworks
focused on structural indicators, which are the faculty-to-student ratios, physical infrastructure, curriculum
documentation, and library resources indicative of a “resource adequacy” model of quality in education. The approaches
were good at establishing baseline institutional capacity. But they did not provide any insights into learner achievement.
They also did not inform on clinical competence. The same goes for the downstream effect on the health system.

Reporting models have gradually moved from input-based to outcome and competency-based (Frank et al.,, 2020). The
global adoption of competency-based medical education (CBME) has invigorated evaluation by focusing on observable
competencies rather than duration of time or entry level training milestones (Er et al, 2021). The contemporary
performance reporting systems are increasingly designed to accommodate multi-dimensional datasets such as
workplace-based assessments, simulation performance, entrustable professional activities (EPAs), research output, and
graduate tracking systems. The evolution of the field highlights the importance of accountability in higher education
and health systems. It marks an epistemic shift in evaluation from what institutions provide to what learners achieve.
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The change has accelerated due to digital transformation, which allows capturing data continuously and longitudinally
throughout the cycle of education (Ogundiya et al., 2024; Chugh et al.,, 2023). Accordingly, performance reporting is
becoming increasingly conceptualized as a learning health system instead of an administrative study of a periodic
nature (Colicchio et al,, 2019; Reilly et al., 2024).

2.2. Role of Accreditation Bodies and Global Standards

The main mission of accreditation organizations has been moving performance reporting from a static compliance
document to a system focused on continuous quality improvement (et al., 2020; Agyei, 2026). The World Federation for
Medical Education, through its international standards framework, seeks institutions to create strong mechanisms to
monitor training processes and results as part of quality assurance systems. In the same manner, the Liaison Committee
on Medical Education (LCME) requires routine collection and analysis of outcome indicators like examination
performance, progression and residency placement outcomes (Grichanik & Stone, 2025; Frank et al., 2020). Thus,
evidence-based institutional monitoring is central.

Organizations, including the Accreditation Commission for Education in Nursing (ACEN) and the European Federation
of Nurse Educators, have also increased expectations focused on outcome measurement and continuous data-informed
improvement in nursing and allied health education. These frameworks all lead towards the CQI paradigm where
institutions are expected to not just report outcomes but also show that data is used repeatedly to improve programs
(Frank et al,, 2020; Agyei, 2026). Recent research stresses further that accreditation systems are becoming data
ecosystems that are increasingly integrated with dashboards of curricula, assessments, and workforce outcomes
(Grichanik & Stone, 2025; Yeboah et al., 2026). This development represents a wider shift to accountability systems
based on transparency, comparability, and improvement-focused feedback loops (Frank et al,, 2020; Nwinyi et al,,
2026).

2.3. Transition Toward Digital and Data-Integrated Systems

The most transformative development in performance reporting has been the emergence of digital and data-integrated
ecosystems. Many institutions adopt ERP, LMS and SIS for the integration of academic, administrative, and clinical
training data (Chugh et al., 2023; Ogundiya et al., 2024). As a result of the systems, there was a shift from fragmented
reporting to consolidated institutional intelligence architectures.

The development of learning analytics and educational data mining has more recently enhanced the analytical depth of
performance reporting systems. Institutions can use these methods to spot learners requiring mitigating measures,
optimally sequence the curriculum and predict performance trajectory on academics and clinics (Romero & Ventura,
2020; Hernandez-Campos et al,, 2025; Ssemujju & Solomon, 2026). In the education of health professions, these
approaches are being used increasingly to support competency tracking, adaptable learning environments and early
warnings about academic underperformance (Toofaninejad et al., 2025; Ssemujju & Solomon, 2026).

Even after the advances, there is still patchy adoption of fully integrated digital reporting systems. Institutions in high-
income contexts have made significant strides toward interoperable, analytics-enabled ecosystems. Meanwhile, many
institutions in low- and middle-income countries continue to operate hybrid models, mixing digital tools with manual,
paper-based reporting systems (Benda et al., 2023; Jayathissa & Hewapathirana, 2023). This difference limits their data
quality, timeliness and comparability and restricts opportunities for benchmarking and workforce planning at the cross-
institution and national level (Silas & Adjaottor, 2026; Agyei, 2026). Addressing these gaps requires not only
technological investment but also governance reforms, capacity-building, and standardization of educational
performance indicators—issues that are further explored in subsequent sections of this review (Filani & Opoku, 2025;
Nwinyi et al.,, 2026).

3. Digital transformation and health education analytics

3.1. Learning Management Systems (LMS)

Learning management systems (LMS) refer to the foundation of infrastructure development of digital performance
reporting in health sciences education. It is also the primary source of learner interaction and assessment data. Popular
contemporary platforms like Moodle, Blackboard and Canvas generate high-quality datasets representing a range of
behaviours, such as clickstream behaviour, assessment performance, time-on-task data and engagement (Kamath et al.,
2025; Hernandez-Campos et al,, 2025).
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In health professions education, the repertoire of LMS functions has risen from content delivery to include competency-
based tracking; clinical simulation records, reflective portfolios and workplace-based assessments. Such systems are
increasingly capable of longitudinal tracking of learner progress over the preclinical and clinical stages and within
competency-based medical education (CBME) (Bilgic et al.,, 2024; Toofaninejad et al., 2025). When combined with
institutional reporting systems, data from learning management systems enable near real-time monitoring of learner
performance, early identification of at-risk students and ongoing evaluation of teaching effectiveness (Ssemujju &
Solomon, 2026; Yeboah et al., 2026).

Recent evidence suggests that LMS-enabled learning analytics can significantly enhance predictive accuracy for
academic outcomes and support targeted remediation strategies, particularly when combined with machine learning
approaches (Toofaninejad et al., 2025; Ssemujju & Solomon, 2026). However, the effective use of LMS data for
performance reporting depends on institutional capacity to transform raw interaction data into meaningful, decision-
relevant indicators (Silas & Adjaottor, 2026; Agyei, 2026). Though the task is not easy, many institutions have yet to
develop processes and systems to carry this out (Nwinyi et al., 2026; Filani & Opoku, 2025).

3.1.1. Electronic Academic Dashboards

The electronic academic dashboard is a critical link between data generation and decision-making in performance
reporting systems. Platforms that visualise data in a way that different stakeholders can engage with data (Kitto et al,,
2025; Rabelo et al,, 2024; Yeboah et al., 2026). These platforms pull data from different institutional sources (LMS;
student information systems; assessment platforms; clinical evaluation tools). Health sciences education dashboards
are increasingly being designed around competency acquisition, learner progression, assessment outcomes, clinical
exposure and faculty performance. Their worth is not just visualisation, but to act, intervene and institutions have an
ecology of knowing and doing (Rabelo et al., 2024; Claassen et al., 2025; Nwinyi et al., 2026).

According to Toofaninejad et al. (2025), a new study shows that learning analytics dashboards (LADs) improve the
quality of the feedback, learner self-regulation, and competency progression oversight by faculty. For instance,
indicators on a dashboard that are being used by directors of the programme can help detect performance decline at
the cohort level (Toofaninejad et al., 2025; Kitto et al., 2025; Yeboah et al., 2026). For example, program directors can
use dashboard indicators to detect cohort-level performance declines, prompting early curricular adjustments or
targeted learner support. Despite these benefits, challenges persist related to dashboard usability, data integration, and
the risk of information overload, underscoring the need for thoughtful design grounded in educational theory and user
needs (Claassen et al.,, 2025; Agyei, 2026; Silas & Adjaottor, 2026).

3.1.2. Big Data in Education

The incorporation of big data strategies into health sciences education is a big step forward for performance reporting.
In this context, big data refers to large volumes, high velocity and varying varieties of data that are derived from LMS
systems, clinical training, electronic health records, alumni tracking and national workforce data systems (Khine, 2024;
Dritsas & Trigka, 2026; Silas & Adjaottor, 2026).

The development of educational and health system outcomes can use advanced analytics, predictive modelling, pattern
and optimization algorithms leveraging these data ecosystems (Romero & Ventura, 2020; Oyeyemi etal., 2025; Ssemujju
& Solomon, 2026). For example, Hussan et al. (2024) noted that predictive analytics models can identify learners at risk
of failing or dropping out with a significant degree of accuracy. Further integrated analyses that link educational
performance data with clinical outcomes are starting to evidence the impact of training pathways on the quality of care
(Reilly et al., 2024; Yeboah et al., 2026).

The emerging idea of precision education, which has similarities with precision medicine, promotes individualized
educational pathways which are driven by data and tailored to learner needs and performance profiles (Toofaninejad
etal., 2025; Ssemujju & Solomon, 2026). Nevertheless, big data approaches result in considerable difficulty in numerous
facets, including governance, ethical considerations, interoperability, and advanced analytical capabilities (Adegoke et
al,, 2025; Hussein et al., 2025; Filani & Opoku, 2025).

These challenges are particularly pronounced in low- and middle-income countries, where infrastructural limitations
and resource constraints may hinder the development of comprehensive data ecosystems. Addressing these disparities
requires coordinated investment in digital infrastructure, workforce capacity, and policy frameworks to ensure
equitable access to data-driven performance reporting systems (Benda et al., 2023; Agyei, 2026; Nwinyi et al., 2026).
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3.2. Data Governance, Quality, and Interoperability

3.2.1. Data Standardization Challenges

Importance of data standardization in performance reporting systems in health sciences education is vital since data
quality itself depends directly on this factor (Adapa et al., 2025; Adegoke et al., 2025; Silas & Adjaottor, 2026). By data
standardization we understand the utilization of the same definitions for performance metrics such as graduation rate,
achievement of competencies, and clinical experience, as well as harmonization of the format and the classification
systems, for instance ISCED and clinical terminologies like SNOMED CT (Adapa et al., 2025; Hussein et al,, 2025).

Nevertheless, one of the obstacles when implementing performance reporting systems that should not be overlooked
is the lack of standardized definitions of performance metrics within the departments and institutions (Silas &
Adjaottor, 2026; Claassen et al., 2025). For example, inconsistency in definitions of certain constructs like clinical
competency or completion of programs results in inconsistent performance reporting and, hence, low validity of the
performance indicators. The problem becomes particularly difficult when heterogeneous information systems are used,
making data aggregation impossible (Adegoke et al., 2025; Devasahay et al., 2021; Filani & Opoku, 2025).

The recent studies point out that overcoming such barriers as non-standardization implies the need for technological
solutions related to the usage of similar data models and data schemas (Hussein et al., 2025; Adegoke et al., 2025; Nwinyi
et al,, 2026). Without such alignment, even technologically advanced reporting systems risk producing fragmented or
misleading insights (Silas & Adjaottor, 2026; Agyei, 2026).

3.2.2. Integration Across Departments and Ministries

Health sciences organizations exist within elaborate, multi-tiered ecosystems involving academic faculties, teaching
hospitals, research institutes, and several different regulatory bodies, including ministries of health and education
(Oleribe et al., 2019; Simkin et al., 2024; Agyei, 2026). The successful operation of performance reporting depends on
the integration of all involved bodies into an educational process to cover all inputs, procedures, and outputs of learning.
However, such integration may be hindered by the presence of silo structures, the existence of incompatible systems,
and divergent reporting requirements, producing fragmentation in the organization's data landscape, which prevents
critical information from reaching institutional decision-makers and national planners of health workforces (Neill et al.,
2023; Jayathissa & Hewapathirana, 2023; Nwinyi et al., 2026).

The need for interoperability, namely, the capacity for systems to exchange and interpret the meaning of exchanged
data becomes a necessary part of today's performance reporting systems. In particular, in the health domain,
interoperability through Health Level Seven International (HL7) and Fast Healthcare Interoperability Resources (FHIR)
standards becomes a means to enable standardization of data exchange among heterogeneous systems (Adegoke et al,,
2025; Filani & Opoku, 2025), with such standards becoming increasingly applicable in educational environments,
especially in connecting the learning process to healthcare delivery.

Experience gained with interoperable digital health systems proves that, together with a suitable governance
framework, an interoperable data infrastructure allows for the aggregation of institutional data for national purposes
(Hussein etal., 2025; Adapa et al., 2025; Yeboah et al,, 2026). Nevertheless, achieving such integration requires not only
technical alignment but also sustained inter-organizational collaboration and policy harmonization across sectors
(Adegoke et al., 2025; Filani & Opoku, 2025; Agyei, 2026).

3.2.3. Ethical and Data Privacy Considerations

The development and adoption of data analytics-based performance evaluation systems have several ethical and legal
implications, especially considering the sensitive nature of health sciences education data, which may involve various
measures of learner performance, demographic characteristics, and clinical training information, some of which may
relate to patients. To ensure the legality of data handling processes, it is important to comply with various data
protection laws and principles established by them, such as General Data Protection Regulation (GDPR) in Europe and
Health Insurance Portability and Accountability Act (HIPAA) in the US (Khan, 2025; Mmari, 2025; Filani & Opoku, 2025).
Such laws emphasize key data security and privacy measures such as data minimization, purpose limitation, and
obtaining informed consent from the data owner (Filani & Opoku, 2025; Silas & Adjaottor, 2026).

Apart from ensuring compliance, there are other factors associated with learning analytics and the utilization of big data

in education that should be addressed through an ethics lens. The potential concerns are related to data management
practices, including transparency, bias in prediction algorithms, surveillance, and reinforcing inequity using data-driven
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decision-making (Adepoju & Adepoju, 2025; Khan, 2025; Yeboah et al., 2026). For instance, algorithms designed to find
out at-risk learners can perpetuate the existing biases present in historic data (Ssemujju & Solomon, 2026; Yeboah et
al., 2026).

In this context, data governance must include ethical aspects of fairness, accountability, transparency, and inclusion
(Yeboah et al., 2026; Nwinyi et al., 2026; Filani & Opoku, 2025). New paradigms include participatory data governance,
whereby students are involved in the process of data generation, analysis, and usage (Aguirre-Duarte, 2025; Hussein et
al,, 2025). This is necessary in order to achieve performance reporting systems that contribute not only to efficient
organizational processes but also to learners' welfare and equitable treatment (Agyei, 2026; Silas & Adjaottor, 2026).

3.3. Decision-Support Systems and Policy Integration

3.3.1. Use of Dashboards in Leadership Decisions

Performance dashboards serve not only as reporting tools but also as decision-support systems for the institution’s
leadership (Kitto et al., 2025; Rabelo et al., 2024; Yeboah et al., 2026; Nwinyi et al., 2026). From a strategic perspective,
the aggregated data in the dashboards will be useful for decisions regarding resource allocation, strategic planning, and
accreditation readiness (Claassen et al.,, 2025; Agyei, 2026). From an operational perspective, real-time information
regarding learner attendance, performance assessments, and clinical placement usage will be useful for daily
management (Toofaninejad et al., 2025; Ssemujju & Solomon, 2026).

Dashboards used as decision-support systems depend largely on how they are designed (Kitto et al., 2025; Claassen et
al,, 2025). When there is too much data provided without sufficient context or drill-down capabilities, the dashboard
will not help with decision-making. Iterative design and use processes, where users are involved and receive constant
training regarding data interpretation, are essential for successful implementation (Baan etal., 2023; Rabelo etal., 2024;
Silas & Adjaottor, 2026).

3.3.2. Evidence-Based Policy in Education Systems

At the national level, the reporting of performance acts as the bedrock for the establishment of education policy (Yeboah
etal,, 2026; Nwinyi et al.,, 2026; Agyei, 2026). The national education monitoring system is facilitated in collaboration
with the Ministry of Education and the Ministry of Health and uses aggregated performance information from
institutions to evaluate the efficacy of educational policies, fund educational initiatives, and determine national
priorities.

In the health sciences field, evidence-based policymaking based on sound performance reporting could provide answers
to pertinent queries such as whether sufficient numbers of graduates are being produced to meet national health work
force objectives, whether educational programs are meeting current disease prevalence levels and health care demands,
and whether graduates are being distributed appropriately geographically and in clinical areas (Nwinyi & Oman-
Amoako, 2026). This is contingent upon incorporating institutional performance information into national
policymaking, which is an area that lacks in many nations (Liverani et al., 2018; Byrne & Heywood, 2023).

3.4. Machine Learning Algorithms

The proposed approach to improving performance reporting in U.S. health sciences institutions would take these
institutional data sources and put them into a single data warehouse for predictive analysis, using data from electronic
student information systems, learning management systems, accreditation reports, faculty information systems,
research databases, clinical education records, financial systems, and graduate employment databases. The framework
is then followed by advanced supervised machine learning models such as Logistic Regression, Decision Trees, Random
Forest, Support Vector Machines (SVM), Artificial Neural Networks (ANN), and Extreme Gradient Boosting (XGBoost)
to predict institutional performance indicators including student retention, graduation rates, first-time licensure
examination pass rates (e.g.,, NCLEX and USMLE), accreditation outcomes, faculty productivity, research impact, and
institutional ranking. Random Forest and XGBoost are preferred Ensemble learning methods as they are suitable for
modelling the nonlinear relationships, high dimensional education datasets, and avoid overfitting while maintaining
high predictive accuracy. The use of Accuracy, Precision, Recall, F1-score, and Receiver Operating Characteristic (ROC)
curve for the evaluation of model performance. A representative model evaluation shows that XGBoost has an Accuracy
of 95 %, Precision of 94 %, Recall of 94 %, F1-score of 94 %, and Area Under the ROC Curve (AUC) of 0.97, which
outperforms the following models: Random Forest (AUC = 0.95); ANN (AUC = 0.93); SVM (AUC = 0.91); Decision Tree
(AUC = 0.86); Logistic Regression (AUC = 0.84). The ROC curves illustrate the ability of the ensemble algorithms to
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classify institutional excellence, with the curves for each algorithm showing higher true-positive rates and lower false-
positive rates compared to the other algorithms (Jordan & Mitchell, 2015; Kuhn & Johnson, 2019).

To improve transparency and trust in predicting institutional decisions the framework has been implemented with
Explainable Artificial Intelligence (XAI), a feature of the model which visualizes the features that strongly influence
institutional performance, allowing institutional leaders to be more transparent and trusted. Accreditation Compliance
Score (21 %), Faculty Qualification and Experience (18 %), Student Retention Rate (16 %), Digital Learning and ICT
Infrastructure (14 %), Research Productivity (12 %), Clinical Training Hours (10 %) and Student Academic Performance
(6 %) are the most important components of the XGBoost model for predicting educational excellence. Institutional
Funding (3 %) had the least impact. This indicates that the following measures are likely to have the most positive
impact on institutional performance: increased accreditation readiness, increase in highly qualified faculty,
strengthening of the institutional digital infrastructure, and enhancement of clinical learning. The results point to the
following areas where improvement would be likely to lead to the best results in institutional performance: increased
accredited readiness, increase in highly qualified faculty, strengthening the institutional digital infrastructure, and
enhancement of the clinical learning. Feature importance visualizations give interpretable information to help
university leaders, accreditation bodies, and policymakers prioritize investments and strategic interventions, whereas
ROC curves offer quantitative evidence of the model's classification ability (Romero & Ventura, 2020; Claassen et al,,
2025; Yeboah et al,, 2026; Nwinyi et al., 2026; Ssemujju & Solomon, 2026).

The framework can be used in a multitude of health sciences institutions throughout the United States, such as medical
schools, nursing schools, schools of pharmacy, allied health schools, and public health schools, to promote ongoing
improvement and evidence-based governance. A medical school might, for instance, collate information from
admissions, academic performance, clinical clerkship evaluations, faculty assessments, research output and
accreditation self-study reports and use this to forecast whether or not the school would be ready for accreditation
review by the Liaison Committee on Medical Education (LCME) or other accrediting bodies several years ahead of time.
Likewise, nursing schools could employ predictive models to determine student risk factors for failure on the National
Council Licensure Examination (NCLEX-RN) using student attendance, academic performance, simulation performance,
and clinical evaluations, thereby providing early academic interventions and individualized support. Predictive
dashboards could also be utilized to foretell graduation rates, optimize faculty workload distribution, assess research
performance, track diversity and inclusion metrics, and enhance resource allocation. National entities like the
Association of American Medical Colleges (AAMC), state higher education agencies, and federal policymakers could
combine institutional data to compare educational outcomes across institutions, distribute funding according to
measurable outcomes, and create educational policies that bolster America's health care workforce. This proposed
framework therefore moves beyond the traditional approach of institutional reporting as a compliance exercise to one
that is proactive and uses Al to guide a performance management system that will positively impact strategic planning,
accountability, accreditation achievements, and national excellence in education through data-driven decision-making
(Daniel, 2019; Topol, 2019; Agyei, 2026; Yeboah et al., 2026).

3.5. Barriers to Effective Performance Reporting

3.5.1. Resource Limitations

Resource constraints pose the major obstacle to the establishment of effective performance reporting systems,
especially within LMICs (Benda etal., 2023; Agyei, 2026). Financial constraints limit investment in digital infrastructure,
software platforms, and technical personnel required for data collection, management, and analysis. The shortage of
human resources is no less important. Some organizations lack employees with analytical skills that are needed for
turning raw data into valuable information, an issue referred to as the data literacy gap (Hussan et al., 2024; Chugh et
al,, 2023; Silas & Adjaottor, 2026).

Inability to produce performance reports in LMICs may have serious consequences for global benchmarking and
exchange of information (Neill et al.,, 2023; Jayathissa & Hewapathirana, 2023; Nwinyi et al., 2026). Inability to produce
comparable performance data means that the organization cannot join international quality assurance discussions and
become a part of global accreditation programs (Sangwa & Mutabazi, 2025; Frank et al., 2020; Agyei, 2026).

3.5.2. Technological Gaps

Gaps in technological capabilities include infrastructure and digital capabilities to operate and analyze data platforms
(Benda et al, 2023; Chugh et al,, 2023; Agyei, 2026). There are many instances in which health sciences schools,
especially those located in rural settings, do not have proper access to high-speed internet, computer systems, and
servers to facilitate digital reporting tools (Benda et al., 2023; Ogundiya et al., 2024; Filani & Opoku, 2025). Even where
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there are available technologies, failure in having connected and interoperable systems means that information is
confined in different systems of the same institution (Adegoke et al., 2025; Jayathissa & Hewapathirana, 2023; Nwinyi
etal, 2026).

The issue is not only about infrastructure and availability of technology (Chugh et al,, 2023; Benda et al., 2023). The lack
of performance reporting features is one of the limitations of many systems used in the health science community.
Legacy information systems and Learning Management Systems (LMS) were not developed to enable data analysis and
generation of dashboards; therefore, they are unable to produce the needed statistics for reporting purposes (Chugh et
al,, 2023; Adegoke et al., 2025; Silas & Adjaottor, 2026).

3.5.3. Resistance to Change

Both institutional and personal resistance to data-based approaches pose another recurring challenge (Chugh et al,,
2023; Claassen et al., 2025; Agyei, 2026). Faculty members might consider performance measurement as a time-
consuming activity that distracts from teaching and research work. Institution heads may oppose transparency due to
the revelation of their institution's underperformance or their personal preference for the previous method of
assessment that existed before the era of data reporting. On the national level, governmental inertia and complex
organizational structures may become an obstacle to creating a unified data reporting system (Nwinyi & Oman-Amoako,
2026; Yeboah et al,, 2026; Agyei, 2026).

Change resistance can occur for valid reasons, such as the fear of misusing the data collected, increased workload, or
concerns related to the validity of the newly introduced metrics. To overcome such problems, change management
initiatives that involve stakeholder buy-in, capacity building, and leadership commitment are needed (Claassen et al.,
2025; Baan et al,, 2023; Agyei, 2026).

4. Implications for national education excellence

4.1. Curriculum Quality

A better method of measuring performance provides a way of being more flexible and evidence-driven when it comes
to designing and revising the curriculum. With the ability to monitor learner performance within the competency areas
and detect any deficiencies in terms of knowledge and skills, and further link these deficiencies with the curriculum
inputs, the institution will be able to make decisions on curriculum changes based on data. Performance data will further
assist in ensuring curricular quality through faculty development efforts that aim to address the areas of poor
instruction. At the national level, the data on the curricular performance of learners will assist in creating competency
standards and curricula guidelines.

4.2. Workforce readiness

Linking educational training in health sciences to the needs of the health system labor market is a primary aim of
national education policy-making. Performance reporting systems serve as the evidential link by measuring the
performance of graduates, their competencies, employability, and performance in clinical practice. Information related
to graduate performance obtained using employer feedback mechanisms, performance monitoring after graduation,
and licensure exam results can be used in designing educational curricula to ensure that graduates acquire necessary
competencies for health systems. Thus, performance reporting is an important means of bridging the widely
acknowledged divide between education and practice in health disciplines.

5. Future directions and research gaps

5.1. Emerging Technologies

New and emerging technologies have begun to play an important role in the development of health sciences education
performance reporting. Al and ML tools provide the possibility of predictive analysis to predict the risk factors
associated with learners' success and track their progress in terms of competencies acquired. NLP tools can analyze
free-text learner feedback and assess clinical instructors' impressions based on sentiment and theme identification,
adding another layer of information to quantitative metrics. Blockchain technology has been suggested as a solution to
verify academic qualifications and competency certifications, which would address issues related to credential fraud.

264



Magna Scientia Advanced Research and Reviews, 2026, 17(02), 257-268

Automation tools can help streamline the processes of data acquisition and reporting, leaving more time for meaningful
data analysis and interpretation. [oT devices and wearable technology offer an opportunity for performance monitoring
in both simulated and real-life clinical settings, generating additional performance-related data to use in assessment.
Yet, the introduction of new technologies in this domain should be approached with an awareness of the ethical
implications involved and the risks associated with growing digital inequalities. Institutions that lack the foundational
digital infrastructure necessary for basic data collection will find it difficult to leverage advanced Al and analytics
capabilities without targeted investment.

5.2. Policy Gaps

Lack of consistent and standardized national systems for collecting and reporting data on performance in health science
education is an important gap in many policy domains. Although some universities have efficient internal reporting
systems in place, this is not sufficient because without the presence of national data standards, information gathered by
different institutions cannot be compared and aggregated for national and international purposes. The key areas that
need to be addressed include the need to develop national data standards for health sciences education, create inter-
ministry mechanisms for data coordination, and secure long-term funding for national education monitoring.

There is also a need for developing policies aimed at ensuring data security and privacy in the age of big data in
education. As institutions embrace new technologies in data gathering and analyzing processes, regulatory policies
should be updated in such a way as to ensure learner rights and opportunities to benefit from using data for enhancing
education experience. Policy coherence in this domain is necessary to avoid conflicts between different policy areas.

5.3. Research Gaps

Despite increasing interest among researchers, the current literature review reveals that significant gaps in knowledge
exist about performance reporting in health sciences education. Firstly, the body of rigorous research studies in
underdeveloped countries where the need for improved reporting mechanisms is especially high and the difficulties of
implementation the highest are lacking. Most of the studies about educational data analytics, dashboards, and
competency-based assessment come from high income countries, making results difficult to generalize about LMICs.

Secondly, there is a lack of longitudinal studies assessing the effects of performance reporting interventions on learners'
academic outcomes. The existing body of literature lacks studies which assess changes in learners' progress after certain
types of technology were introduced in health sciences education settings. Quasi experiments and implementation of
science studies would be particularly beneficial for the development of knowledge in this field. Thirdly, cost-
effectiveness analyses of performance reporting practices are required. Health sciences schools in LMICs may face
resource limitations that should be accounted for when designing performance reporting measures. Finally, the
interplay between institutional performance reporting and national health workforce planning systems remains
underexplored, representing a critical area for interdisciplinary research that bridges health workforce policy, health
professions education, and health systems research.

6. Conclusion

This narrative review shows that performance reporting is becoming an important tool in the development of health
sciences education and achieving excellence in education nationwide. Performance reporting practices have been
moving from mere documentation exercises to more dynamic processes aimed at quality assurance and quality
improvement. With adequate infrastructure, interoperable systems, standards, and proper governance, performance
reporting can improve the quality of the curriculum, learners' success, accreditation, and workforce preparedness.
However, many barriers still exist, especially in LMICs, such as inadequate systems, lack of resources, insufficient
technology, and limited capacity for analysis. There are also ethical concerns about privacy, transparency, and bias in
algorithms. It takes considerable investment in infrastructure, coordinated policies, capacity building, and data literacy
to maximize the potential benefits of performance reporting. Further research on implementation impacts, costs, and
models that ensure equitable and sustainable improvement in health sciences education is warranted.
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