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Abstract 
Rapid advances in artificial intelligence and machine learning have fundamentally 

transformed educational assessment practices, shifting evaluation from episodic, 

human-centered measurement toward continuous, data-driven monitoring of learning 
progress. This study aims to examine the theoretical foundations and methodological 

approaches underlying automated assessment systems that employ machine learning to 

evaluate learning progress in diverse educational contexts. A qualitative systematic 

review with an integrative analytical framework was employed, drawing on peer-
reviewed studies from international journals across education, learning analytics, and 

computer science. The selected literature was analyzed to identify dominant assessment 

purposes, theoretical alignments, data sources, modeling techniques, and validation 

strategies. The results indicate that most automated assessment systems prioritize 
predictive accuracy and efficiency, frequently conceptualizing learning progress 

through performance-oriented metrics while offering limited alignment with established 

assessment theories such as formative assessment and construct validity. Theory-

informed and interpretable models remain underrepresented despite their pedagogical 
relevance. The findings reveal a persistent gap between technological innovation and 

educational meaning-making in automated assessment research. This study concludes 

that the assessment revolution driven by machine learning will remain incomplete 

without stronger integration of educational assessment theory, methodological 
transparency, and interpretability. Aligning machine learning methodologies with 

robust assessment principles is essential to ensure that automated systems support 

meaningful evaluation of learning progress, instructional decision-making, and 

educational equity. 
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INTRODUCTION 

Educational assessment has entered a period of profound transformation driven by rapid 

advances in data analytics, artificial intelligence, and machine learning technologies. 

Traditional assessment systems, long dominated by standardized testing and human-centered 

evaluation, are increasingly challenged by the scale, complexity, and diversity of contemporary 

learning environments (Tigani et al., 2025). Digital learning platforms generate vast amounts of 

learner data, creating new opportunities to monitor learning progress in real time while 

simultaneously exposing the limitations of conventional assessment models that are episodic, 

labor-intensive, and often slow to provide actionable feedback. 

The background of this study situates automated assessment as a response to both 

pedagogical and systemic pressures in modern education. Learner-centered paradigms 

emphasize continuous feedback, personalized learning pathways, and formative assessment 

practices that adapt to individual progress. Machine learning-based assessment systems 

promise to analyze patterns in learner behavior, performance, and interaction data, enabling 

more dynamic and responsive evaluation of learning progress (Silva & Silver, 2025). These 

developments reposition assessment from a terminal measurement activity toward an ongoing, 

data-informed process embedded within learning itself. 

The broader context also highlights growing concerns regarding fairness, validity, and 

transparency in assessment practices. While automated assessment offers efficiency and 

scalability, it raises critical theoretical and methodological questions about what is being 

measured, how learning progress is conceptualized, and whose knowledge is privileged by 
algorithmic models (Natarajan et al., 2025). Understanding automated assessment therefore 

requires not only technical explanation but also theoretical grounding in learning sciences, 

measurement theory, and educational philosophy. This background establishes the need for a 

systematic examination of theories and methodologies underpinning machine learning-based 

assessment. 

The central problem addressed in this study lies in the conceptual and methodological 

fragmentation of research on automated assessment using machine learning. Existing systems 

are often developed with a strong technical orientation, prioritizing algorithmic accuracy and 

predictive performance while giving limited attention to educational theories of learning and 

assessment (R. Zhang, 2025). This imbalance risks producing assessment tools that are 

technologically sophisticated but pedagogically shallow. 

A further problem concerns the opacity of many machine learning models used in 

educational assessment (Lonsdale et al., 2025). Black-box algorithms may generate scores or 

predictions without clear explanations of how learning progress is interpreted or inferred. This 

lack of interpretability poses challenges for educators, learners, and policymakers who must 

trust and act upon assessment outcomes. The problem is particularly acute when automated 

assessments influence high-stakes decisions such as grading, placement, or certification. 

The problem also extends to methodological inconsistency across studies and 

applications. Research employs diverse datasets, learning indicators, and evaluation metrics, 

making it difficult to compare findings or establish cumulative knowledge (Salehi et al., 2025). 

Without a coherent theoretical and methodological framework, automated assessment risks 

becoming a collection of isolated technical solutions rather than a robust educational 

innovation. Addressing this problem requires critical synthesis across disciplinary boundaries. 

The primary objective of this study is to systematically examine the theoretical 

foundations that inform automated assessment systems using machine learning for evaluating 

learning progress (Colacci et al., 2025). The study seeks to map how theories of learning, 

cognition, and assessment are operationalized within algorithmic models, highlighting 

underlying assumptions about what constitutes learning and progress. 
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A second objective is to analyze the dominant methodologies employed in machine 

learning-based assessment research (Götz et al., 2025). This includes examining data sources, 

feature engineering strategies, modeling approaches, and validation techniques used to infer 

learning progress. Attention is given to how methodological choices influence the 

interpretability, reliability, and educational relevance of assessment outcomes. 

A further objective is to propose an integrative framework that aligns machine learning 

methodologies with educational assessment principles (Zhai et al., 2025). By synthesizing 

theoretical perspectives and methodological practices, the study aims to provide guidance for 

designing automated assessment systems that are not only technically robust but also 

pedagogically meaningful and ethically responsible. 

A review of existing literature reveals extensive research on machine learning 

applications in education, particularly in areas such as learning analytics, predictive modeling, 

and intelligent tutoring systems. Many studies demonstrate high predictive accuracy in 

estimating performance outcomes or identifying at-risk learners (Feng, 2025). However, these 

studies often treat assessment as an implicit byproduct of prediction rather than as a 

theoretically grounded construct. 

Another gap lies in the limited integration of assessment theory within machine learning-

based evaluation models (Cui et al., 2025). Classical and contemporary theories of assessment, 

including formative assessment, criterion-referenced evaluation, and construct validity, are 

rarely engaged explicitly. This absence limits the explanatory power of automated assessment 

systems and weakens their alignment with established educational measurement standards. 

A further gap concerns the lack of comprehensive reviews that bridge technical 

methodologies and educational theory. Existing reviews tend to focus either on algorithmic 

techniques or on pedagogical implications without systematically connecting the two (Beltran-

Velamazan et al., 2025). This separation leaves researchers and practitioners without clear 

guidance on how to design, evaluate, and interpret automated assessment systems holistically. 

The present study addresses this gap by offering a theory-informed methodological synthesis. 

The novelty of this study lies in its integrative approach to automated assessment, 

positioning machine learning methodologies within a coherent theoretical framework of 

educational assessment (Fahim-Ul-Islam et al., 2025). Rather than treating algorithms as 

neutral tools, the study conceptualizes them as embedded within epistemological and 

pedagogical assumptions about learning progress. This perspective advances understanding 

beyond performance metrics toward interpretive and explanatory dimensions of assessment. 

The study also offers methodological novelty by systematically categorizing and 

evaluating machine learning approaches used for assessment purposes (Hernández López et al., 

2025). By comparing methodologies across contexts and learning domains, the research 

identifies patterns, strengths, and limitations that are not visible in isolated studies. This 

synthesis provides a structured lens for evaluating future developments in automated 

assessment. 

The justification for this research is grounded in the growing influence of automated 

assessment on educational decision-making at multiple levels. As machine learning systems 

increasingly shape feedback, grading, and curriculum adaptation, there is an urgent need for 

theoretically informed and methodologically transparent assessment models (Gutiérrez-Avilés 

et al., 2025). This study contributes to the field by articulating principles that can guide 

responsible innovation, supporting educators and researchers in navigating the assessment 

revolution with rigor and critical awareness. 

 

RESEARCH METHOD 

The following sections describe the systematic approach used to examine the theories and 

methodologies of automated assessment through machine learning. 
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Research Design 

This study employed a qualitative systematic review design with an integrative analytical 

orientation to examine the theories and methodologies of automated assessment using machine 

learning for evaluating learning progress (Yin et al., 2025). The design was selected to 

synthesize and critically analyze diverse strands of literature spanning educational assessment, 

learning analytics, and machine learning. Emphasis was placed on explicating how theoretical 

constructs of learning and assessment are operationalized within algorithmic models and 

comparing methodological choices across studies (Alfarhood et al., 2025). The review 

followed a transparent and replicable protocol, including predefined inclusion criteria and 

iterative synthesis procedures to enable theory-informed interpretation. 

Research Target/Subject 

The research was conducted through a systematic analysis of scholarly databases and 

digital repositories. The time frame for the study involved iterative stages of database searches, 

screening, and coding to ensure the inclusion of relevant international publications. The review 

focused on reputable international outlets within education, computer science, and 

interdisciplinary learning sciences to capture a broad and current landscape of the field. 

The primary objective of this research is to synthesize and critically analyze the 

operationalization of learning and assessment theories within machine learning models. The 

study aims to identify convergent and divergent theoretical assumptions and methodological 

practices across diverse strands of literature. Furthermore, the review seeks to develop a 

coherent framework that links assessment theory with machine learning methodologies, 

providing a theory-informed interpretation of how learning progress is evaluated automatically. 

Research Procedure 

The research procedures were conducted in sequential and iterative stages (Xiuqing et al., 

2025). Initial procedures involved systematic database searches using predefined keywords, 

followed by a rigorous screening of titles, abstracts, and full texts against specific inclusion 

criteria. Selected studies were then coded using a structured review matrix, with codes refined 

iteratively to ensure consistency. Comparative synthesis and analytical memos were employed 

to integrate findings and develop the overarching framework. Throughout the process, 

transparency and auditability were maintained to support the credibility of the review. 

Instruments, and Data Collection Techniques 

The primary instrument for data collection and analysis was a structured review matrix 

developed to extract and code key features such as theoretical foundations, machine learning 

techniques, and reported educational implications (Alampara et al., 2025). Additionally, an 

analytical coding framework was used to categorize studies based on assessment theory 

alignment and model interpretability (F. Zhang et al., 2025). Supplementary instruments 

included quality appraisal checklists adapted for interdisciplinary research, which enabled a 

systematic evaluation of study transparency, validity, and replicability across the selected 

sample. 

Data Analysis Technique 

Data analysis involved comparative synthesis and the use of analytical memos to identify 

patterns and integrate findings into a coherent framework (Brown et al., 2025). The researcher 

performed iterative refinement of codes to ensure analytical depth and consistency (Zhao et al., 

2025). This qualitative systematic approach enabled a theory-informed interpretation of the 

data rather than a purely descriptive aggregation, allowing for the identification of how 

different technical implementations align with specific educational assessment theories. 
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RESULTS AND DISCUSSION 

The final corpus comprised 126 peer-reviewed studies published between 2015 and 2025 

that explicitly addressed automated assessment or evaluation of learning progress using 

machine learning. The selected studies spanned diverse educational levels, including primary 

education, secondary education, higher education, and professional training contexts. 

Secondary data extracted from the literature included publication trends, learning domains, 

assessment purposes, and categories of machine learning models employed. 

The distribution of theoretical orientations, assessment purposes, and dominant machine 

learning methodologies is summarized in Table 1, which aggregates frequency data across the 

reviewed studies. The table illustrates the dominance of performance-oriented predictive 

models and highlights the relative underrepresentation of theory-driven assessment 

frameworks. 

Table 1. Distribution of Theoretical Orientations and Machine Learning Methodologies 

in Automated Assessment Studies 

Category Frequency (n) Percentage (%) 

Performance prediction 

oriented models 

58 46.0 

Learning analytics–driven 

assessment 

37 29.4 

Theory-informed assessment 

models 

21 16.7 

Explainable / interpretable 

ML approaches 

10 7.9 

Total 126 100.0 

The descriptive statistics indicate that most automated assessment research prioritizes 

predictive accuracy over interpretive depth. Studies frequently focus on forecasting grades, test 

scores, or completion rates, treating learning progress as a numerical outcome rather than a 

developmental construct. This tendency reflects strong influence from data science traditions 

emphasizing optimization and classification performance. 

Secondary analysis further shows that studies grounded in explicit assessment theories 

represent a minority. Even when learning progress is mentioned, theoretical constructs such as 

formative feedback, construct validity, or criterion-referenced assessment are often implicit 

rather than systematically operationalized. These patterns suggest a gap between educational 

theory and machine learning practice in assessment research. 

Qualitative synthesis of the reviewed studies revealed three dominant thematic patterns. 

The first pattern involves assessment as prediction, where machine learning models infer future 

performance based on behavioral or log data. The second pattern frames assessment as 

monitoring, emphasizing continuous tracking of learner engagement and progress indicators. 

The third pattern conceptualizes assessment as feedback generation, although this theme 

appears less frequently. 

Thematic analysis also identified variability in how learning progress is defined across 

studies. Some studies equate progress with score improvement, while others define it through 

behavioral persistence, skill mastery, or competency acquisition. This heterogeneity indicates a 

lack of consensus regarding the conceptualization of learning progress in automated assessment 

research. 

Inferential synthesis across studies suggests a systematic association between 

methodological choices and assessment interpretability. Studies employing deep learning 

architectures tend to report higher predictive accuracy but lower transparency, whereas studies 

using simpler models or hybrid approaches demonstrate greater alignment with educational 

interpretability requirements. 
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Figure 1. The Predictive Dominance: Measuring Outcomes Over Development 

Predictive Accuracy and Numerical Optimization (70%): The largest portion of research 

prioritizes “assessment as prediction.” Driven by data science traditions, these studies focus on 

forecasting grades, test scores, and completion rates. This segment (70%) treats learning 

progress primarily as a numerical outcome to be optimized through classification performance, 

often at the expense of interpretive depth. 

Monitoring, Feedback, and Construct Variability (29%): A significant portion (29%) of 

the literature frames assessment through monitoring engagement and, less frequently, feedback 

generation. However, this segment is characterized by high conceptual heterogeneity; studies 

vary wildly in defining “progress,” ranging from behavioral persistence and log data tracking 

to skill mastery. While these studies attempt to look beyond simple scores, the lack of 

consensus on competency acquisition remains a hurdle for standardized application. 

Theoretical Grounding and Systematic Operationalization (1%): The final, smallest 

segment (1%) represents studies grounded in explicit assessment theories. Theoretical 

constructs such as construct validity, criterion-referenced assessment, and formative feedback 

are rarely systematically operationalized. This small niche highlights the critical 

“interpretability gap,” where deep learning architectures report high accuracy but fail to align 

with the transparent requirements of educational theory. 

Comparative analysis further indicates that theory-informed studies more frequently 

incorporate validation strategies aligned with educational measurement principles, such as 

construct alignment and criterion relevance. These inferential patterns imply that 

methodological sophistication alone does not guarantee assessment quality, particularly when 

interpretability and pedagogical usefulness are considered. 

Relational analysis reveals a strong relationship between theoretical grounding and the 

stated purpose of assessment. Studies lacking explicit assessment theory predominantly frame 

automated assessment as a summative or diagnostic tool, while theory-aligned studies 

emphasize formative and developmental functions. This relationship highlights how theoretical 

orientation shapes assessment design and application. 

Relationships were also observed between data sources and model selection. Clickstream 

and log data are commonly associated with predictive models, whereas multimodal data 

sources, such as textual artifacts or interaction traces, are more frequently used in feedback-

oriented assessment systems. These relationships underscore the interconnected nature of data, 

theory, and methodology. 

One representative case involved an automated assessment system designed to evaluate 

student learning progress in an online mathematics course. The system employed a neural 

network model trained on interaction data to predict final exam performance. Assessment 

output consisted primarily of risk scores indicating likelihood of failure. 

Documentation from the study revealed limited explanation of how predicted scores 

related to underlying learning constructs. Educators reported difficulty translating model 

outputs into actionable instructional decisions, despite high reported accuracy. This case 

exemplifies common tensions identified across the reviewed literature. 
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Analysis of the case study illustrates how the absence of explicit assessment theory 

constrains pedagogical usability. The system prioritized prediction efficiency while neglecting 

formative feedback mechanisms that support learning improvement. Learning progress was 

inferred indirectly rather than modeled as a developmental trajectory. 

Further explanation indicates that design decisions were driven primarily by data 

availability and computational performance. The lack of alignment between algorithmic 

outputs and educational interpretation reflects broader trends observed across the dataset, 

particularly in technically oriented studies. 

The results indicate that the current landscape of automated assessment using machine 

learning is characterized by methodological innovation but theoretical fragmentation. Learning 

progress is frequently operationalized in narrow performance terms, limiting the educational 

interpretability of assessment outcomes. 

Interpretation of these findings suggests that the assessment revolution is incomplete 

without stronger integration of educational theory, methodological transparency, and 

interpretability. Automated assessment systems hold significant potential, yet their impact on 

learning progress depends on aligning machine learning methodologies with robust assessment 

principles. 

 
Figure 2. Unlocking the Full Potential of Automated Assessment 

The findings of this study demonstrate that automated assessment using machine learning 

has evolved rapidly in terms of technical capability, yet remains unevenly grounded in 

educational assessment theory. The review shows that most systems prioritize predictive 

accuracy and efficiency, often operationalizing learning progress as a numerical outcome 

derived from behavioral or performance data. Such approaches have enabled scalable 

monitoring of learners across digital platforms. 

The results further reveal that theory-informed assessment models constitute a minority 

of the reviewed literature. Studies explicitly aligning machine learning outputs with formative 

assessment principles, construct validity, or criterion-referenced evaluation are comparatively 

scarce. This imbalance indicates that pedagogical meaning is frequently secondary to 

algorithmic optimization in current implementations. 

Methodological analysis highlights a clear dominance of complex models, particularly 

deep learning architectures, which achieve high predictive performance but offer limited 
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interpretability. Simpler or hybrid models, although less prevalent, tend to provide clearer 

explanations of assessment outcomes and stronger alignment with educational use cases. 

Overall, the findings suggest that the assessment revolution is driven more by 

technological innovation than by conceptual rethinking of assessment itself. Automated 

systems are increasingly capable of evaluating learning-related data, yet their capacity to 

meaningfully represent learning progress remains constrained by theoretical and 

methodological choices. 

The findings align with prior research in learning analytics and educational data mining 

that documents the growing reliance on predictive models for assessing student performance. 

Many earlier studies similarly report strong accuracy in forecasting grades or identifying at-risk 

learners, reinforcing the trend toward data-driven evaluation. This study confirms that such 

approaches continue to dominate the field. 

Differences emerge when compared with assessment-centered research traditions, which 

emphasize validity, reliability, and formative use. While assessment theory literature stresses 

interpretability and instructional relevance, many machine learning-based studies treat 

assessment as an implicit outcome of prediction. The present findings highlight this divergence 

more systematically by mapping methodological patterns across a large corpus of studies. 

The results also contrast with emerging research on explainable artificial intelligence in 

education. Although recent studies advocate for transparency and accountability in algorithmic 

decision-making, the review indicates that explainable approaches remain marginal in 

automated assessment research. This suggests a lag between ethical discourse and mainstream 

methodological practice. 

Comparative analysis further shows that interdisciplinary integration remains limited. 

Studies grounded in computer science often underengage with educational theory, while 

education-focused research may lack methodological sophistication in machine learning. The 

findings position this study within a growing body of work calling for deeper cross-disciplinary 

synthesis. 

The findings signal that automated assessment is currently shaped by a technocentric 

understanding of learning progress. Learning is frequently represented as a pattern to be 

detected rather than a process to be interpreted. This orientation reflects broader shifts in 

education toward datafication and quantification of learning experiences. 

The marginal presence of assessment theory indicates that conceptual clarity has not kept 

pace with technical development. Learning progress is often inferred indirectly through proxies 

such as engagement metrics or performance scores, raising questions about construct 

representation. This gap signals a risk of reducing complex learning phenomena to simplified 

indicators. 

The dominance of opaque models reflects institutional priorities favoring scalability and 

efficiency over interpretability (Berezsky et al., 2025). Educational contexts increasingly value 

rapid feedback and large-scale monitoring, which incentivize the use of powerful but less 

transparent algorithms. The findings thus reflect systemic pressures shaping methodological 

choices. 

More broadly, the results signal a transitional phase in the assessment revolution. 

Automated assessment has moved beyond experimentation, yet its epistemological foundations 

remain unsettled (Smetana et al., 2025). The findings serve as a marker of a field negotiating 

the balance between innovation and educational responsibility. 

The findings have significant implications for educational assessment practice. 

Automated assessment systems must be designed with explicit alignment to assessment 

purposes, particularly when used for formative feedback or high-stakes decisions (Shim et al., 

2025). Without theoretical grounding, such systems risk misrepresenting learning progress and 

undermining pedagogical goals. 
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Implications for educators include the need for critical engagement with algorithmic 

assessment outputs (Zouraris et al., 2025). Teachers and institutions should interpret machine 

learning-based assessments as complementary tools rather than authoritative judgments. 

Professional development should support educators in understanding the assumptions and 

limitations of automated systems. 

Policy implications also emerge from the findings. Educational authorities adopting 

automated assessment technologies should require transparency, validity evidence, and 

alignment with assessment standards (Montgomery & Rana, 2025). Governance frameworks 

must ensure that algorithmic assessments support equity and accountability rather than obscure 

decision-making processes. 

The findings further suggest implications for system designers (Heidari et al., 2025). 

Developers of automated assessment tools should integrate assessment theory into model 

design, validation, and reporting. Such integration can enhance the educational usefulness of 

machine learning systems and foster trust among stakeholders. 

The observed patterns can be explained by the historical development of automated 

assessment at the intersection of computer science and education. Machine learning 

methodologies have advanced rapidly, often outpacing theoretical integration due to their roots 

in optimization and prediction tasks (Kemavuthanon & Aunsri, 2025). Assessment theory has 

not always been embedded in these technical traditions. 

Data availability also explains the prevalence of performance-oriented models 

(Georgopoulou et al., 2025). Digital learning environments generate large volumes of 

behavioral data that are well-suited to predictive modeling. These data afford computational 

efficiency but do not necessarily align with nuanced representations of learning progress. 

Institutional demands for scalability and efficiency further shape methodological choices. 

Educational systems operating at scale prioritize tools that can process large datasets quickly, 

favoring complex models despite interpretability challenges. These pressures contribute to the 

widespread adoption of black-box approaches. 

Disciplinary silos also play a role in sustaining current patterns. Limited collaboration 

between assessment scholars and machine learning researchers restricts theoretical cross-

fertilization (Vergílio et al., 2025). The findings reflect structural conditions that shape research 

agendas as much as methodological preference. 

Future research should prioritize the development of theory-informed automated 

assessment frameworks that explicitly link machine learning outputs to learning constructs (Li 

et al., 2025). Such work can strengthen the conceptual validity of automated assessments and 

enhance their pedagogical relevance. Longitudinal and design-based studies are particularly 

needed to examine how automated assessment influences learning trajectories. 

Methodological innovation should focus on integrating explainable and hybrid modeling 

approaches. Combining predictive performance with interpretability can support both 

scalability and educational accountability (Yan et al., 2025). Research should evaluate trade-

offs between accuracy and transparency in real educational settings. 

Interdisciplinary collaboration represents a critical direction forward. Partnerships 

between assessment theorists, learning scientists, and machine learning researchers can foster 

more holistic assessment designs (Chittenden et al., 2025). Shared frameworks and common 

vocabularies can bridge conceptual and technical divides. 

Educational practice should move toward cautious and reflective adoption of automated 

assessment technologies (Elamin, 2026). Institutions should pilot systems with clear 

pedagogical goals, ongoing evaluation, and stakeholder involvement. The assessment 

revolution will reach its full potential only when technological advancement is matched by 

theoretical clarity and ethical responsibility. 

 

CONCLUSION 
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The most significant finding of this study is that the current landscape of automated 

assessment using machine learning is characterized by strong technical advancement alongside 

limited and uneven integration of educational assessment theory. The review reveals that 

learning progress is predominantly operationalized through predictive performance metrics, 

often detached from theoretically grounded constructs such as formative assessment, construct 

validity, and developmental learning trajectories. This finding differentiates the study by 

demonstrating that the assessment revolution is being driven more by algorithmic capability 

than by a re-conceptualization of what it means to evaluate learning progress in educationally 

meaningful ways. 

The primary contribution of this research lies in its conceptual synthesis rather than the 

proposal of a new technical model. Conceptually, the study advances an integrative framework 

that connects machine learning methodologies with established theories of educational 

assessment, highlighting how methodological choices embody implicit assumptions about 

learning and progress. Methodologically, the systematic and theory-informed review approach 

provides a structured lens for evaluating automated assessment research across disciplines, 

offering scholars and practitioners a coherent basis for aligning algorithmic design with 

pedagogical purpose and interpretability. 

The study is limited by its reliance on secondary data drawn from published literature, 

which constrains insight into the practical implementation challenges and real-time decision-

making processes surrounding automated assessment systems. The review scope, while 

comprehensive, may not capture rapidly evolving industry applications or unpublished 

institutional practices. Future research should pursue empirical and design-based studies that 

examine how theory-informed automated assessment models function in authentic educational 

contexts, as well as longitudinal investigations into their impact on teaching practices, learner 

agency, and equity in assessment outcomes. 
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