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Abstract

The use of Artificial Intelligence (Al) in higher education assessment/examination systems shows
a major shift in educational practices in this exiting time of Large Language Models(LLMSs) . This
master's thesis provides a comprehensive comparative analysis of Al-driven assessment solutions,
exploring the global landscape and specific adoption trends in German and Global universities.
The research systematically categorizes available Al tools features based on the literature review
findings on assessment features such as automated grading, personalized learning, question
generation, and secure exam proctoring. A comprehensive analysis reveals huge market gaps in
features like oral exam preparation, presentation preparation, immersive assessment environments,
and multimodal content delivery, mainly within the German Higher Education context. Strategic
perspectives from university adoption patterns highlight universities priorities, regulatory
considerations such as being GDPR compliance, and integration requirements with existing
examination systems or LMS such as Moodle. The master thesis identifies unique features for
differentiation and strategic market positioning for Campus Ready project, underlining its potential
to serve underserved sectors through an integrated, GDPR-compliant, Al-driven exam preparation
environment for the students. Recommendations are provided to help Campus Ready in using these
insights for effective market entry and sustained differentiation in the German higher education
sector.

Vii



1. Introduction
1.1 Background

The higher education landscape is undergoing a huge shift because of the artificial intelligence
(Al) technologies like LLMs, The way we learn changed since launch of open Al model GPT-3.
Assessment practices, such as creation of exams manually, administration, and evaluation
processes, have become a main reason for innovation as educational institutions wants to be
efficient, scalable, and have pedagogically effective solutions. The integration of Al into
assessment systems represents not merely a technological advancement but a fundamental
reimagining of how student learning can be measured, supported, and enhanced.

While traditional methods of examination may have helped schools & universities over the
generations, Now they face inherent limitations in providing timely, comprehensive feedback and
managing increasing student populations efficiently. For example, where conventional evaluations
usually depend on standardized testing and regular exams that offer retroactive feedback at
predetermined intervals for example at the end of semester, but Al systems can provide continuous
and real-time grading with immediate feedback. Traditional methods may require teachers to grade
manually hundreds of assignments over several days, whereas Al systems can instantly analyze all
the student answers and spot patterns in learning gaps.

Despite these advantages, Al testing platforms in higher education are still not yet widely adopted.
Universities face the challenge of modernizing and innovating examination systems while
retaining academic integrity, complaince and quality. As (Cope et al., 2020) argue, traditional
pedagogy and assessment has its limits, but Al offers new possibilities. Teachers are still essential
in the classroom, the author underline that artificial intelligence should be seen as a cognitive
prosthetic rather than a substitute for human knowledge.

Exam development, administration, and proctoring solutions have evolved in line with more
general technological trends accelerating rapidly since 2020. Traditional assessment methods,
often labor-intensive and time-consuming for educators, have progressed from basic digital
adaptations of paper-based tests to sophisticated Al-driven systems capable of generating
contextualized questions, providing personalized feedback, and ensuring academic integrity
through advanced proctoring mechanisms. This progression has unfolded in distinct phases,
beginning with the digitization of existing assessment practices, followed by the implementation
of automated grading systems for objective questions, and most recently, the development of
adaptive assessment technologies that respond dynamically to student performance.

(Edwards & Cheok, 2018) predict that in the next three decades, traditional educational roles like
curriculum development, instructional design, and assessment will be influenced by Al, reducing
some human teacher responsibilities. This prediction is already becoming reality as current Al
implementations in higher education assessment span multiple domains, from automated content
generation to performance analytics. Large Language Models (LLMs) now enable the creation of
diverse question types with varying complexity levels, while computer vision technologies
facilitate secure remote examination environments.



The practical benefits of these systems are substantial. (Svasta, 2018) implemented an early
recognition system that identified at-risk students and improved examination failure rates by
almost half. Similarly, (Chauncey & McKenna, 2023) highlight how Al tools like ChatGPT-4 have
dramatically reduced the time required for curriculum development and assessment design. (Alam,
2021) notes that Al enhances administrative efficiency in tasks like grading and feedback and
enables personalized learning and better content absorption through integration with technologies
like VR and 3D simulations.

The global educational assessment market is expected to grow significantly in the coming years,
with Al-driven solutions representing the fastest-growing segment. This growth is fueled by
increasing need for scalable assessment solutions in higher education, particularly as institutions
navigate expanding student populations, internationalization efforts, and the need for more human
resources to fulfill the demand.

Higher education institutions have difficult time on deciding which Al-driven evaluation
technology to select. These decisions are influenced by pedagogical considerations, technical
integration requirements, data privacy regulations, accessibility standards, and financial
constraints. The German higher education sector, with its 2.8 million students distributed across
public and private institutions (Besart, 2024) as of 2023/2024 statistics, gives an interesting context
for examining Al assessment adoption patterns.

In todays markets New LLMs come and lead and again in next week another player tops the LLMs
race with features like deep thinking and educational assessment require more complex
assessments, there exists urgent need for comprehensive comparative analyses of available
solutions to help institutional decision-making. This thesis addresses this need through a
systematic examination of Al-driven assessment solutions, with particular focus on the positioning
and differentiation opportunities for Campus Ready, an emerging player in this competitive
landscape.

1.2 Motivation

My motivation for this master thesis is deeply rooted in my personal connection to education.
Coming from a family of educators—with my father serving as a teacher in a government school,
my mother having been a teacher as well, and my grandfather having held the position of principal
in a government high school in India, the education sector has always been a source of inspiration
and motivation for me. |1 saw my mother working hard on creating educational materials, charts,
and diagrams to explain the concepts better to her students, this has inspired me and | am greatfult
for the opportunities and challenges within educational institutions, especially as they deal
technological change.

This also motivated me and still motivates to work Campus Ready Project and ultimately pursue
this masters thesis topic. | am interested to understand how Al technologies are reshaping the
educational landscape that has been so central to my family's professional lives. The rapid
advancement of Al capabilities, particularly in creating, administering, and evaluating
assessments, raises fundamental questions about how these technologies can enhance the current
educational system while addressing longstanding challenges in assessment practices.



As more and more institutions look at Al-driven solutions, it is becoming increasingly crucial to
understand not just which technologies are being adopted but also how they are being used, which
features are most useful, and what factors encourage successful adoption. In an attempt to provide
insightful information for both scholarly debate and practical application, this research examines
which universities are using certain technologies and how these developments are affecting
teaching and assessment practices.

Furthermore, the competitive environment of Al assessment systems offers a fascinating case
study in market positioning and technological distinction. Given the large number of providers
offering supposedly comparable capabilities, it becomes imperative for both educational
institutions making adoption decisions and technology providers seeking to successfully address
actual market needs to comprehend the subtle differences in feature sets, target audiences, and
value propositions.

My personal connection to the education industry, my keen interest in the ways that technology is
changing education, and my practical desire to produce insightful data that can aid in strategic
decision-making for educational technology providers like Campus Ready project are the driving
forces behind this research. By conducting a comprehensive comparative analysis of existing
solutions, identifying trends in university adoption preferences, and developing a framework for
strategic differentiation, this thesis aims to bridge the gap between the theoretical potential and
practical application of Al in higher education assessment.

1.3 Definitions and Terminology

Acrtificial Intelligence (Al): Artificial Intelligence represents the field within computer science
dedicated to creating machines capable of performing tasks that typically require human
intelligence, including reasoning, decision-making, problem-solving, learning, perception, and
understanding human language (University of Illinois Chicago, n.d.). Al is also described as the
capacity of machines to mimic human cognitive functions such as learning, problem-solving, and
pattern recognition, enabling them to execute tasks that normally demand human intellect
(University of North Florida, n.d.).

Machine Learning (ML): Machine Learning is a subset of Artificial Intelligence that empowers
computer systems with the ability to learn from data without being explicitly programmed,
involving the training of algorithms on data to identify patterns, make predictions, or refine
performance over time (IBM, n.d.). Carnegie Mellon University elaborates further, defining ML
as the science of enabling computer systems to automatically improve their performance through
experience (Carnegie Mellon University, n.d.).

Natural Language Processing (NLP): Natural Language Processing is a specialized subfield of
Artificial Intelligence that concentrates on enabling computers to understand, interpret, and
generate human language, situated at the intersection of computer science, linguistics, and artificial
intelligence (IBM, n.d.).

Large Language Models (LLM): Large Language Models represent sophisticated deep learning
networks trained on extensive datasets of text and code, characterized by their massive scale—
often involving billions or even trillions of parameters—which enables profound understanding



and generation of human-like text (AWS, n.d.). These generative Al models, such as GPT-3, GPT-
4, and BERT, demonstrate near human-level proficiency in language understanding and generation
tasks (IBM, n.d.).

1.4 Campus Ready Overview

Campus Ready is an educational technology project currently being developed under the EXIST
funding program of the Federal Ministry of Economics and Climate Protection (BMWK) in
Germany. Initiated in October 2024, the project has completed five months of its twelve-month
funding period and remains in active development. Campus Ready's mission is to transform
assessment practices in higher education through Al-powered solutions that address critical
challenges faced by both educators and students. Based at Founders Space, Hochschule Neu-Ulm,
the project team combines expertise in Al engineer, user experience design, and product
management.

1.4.1 Project Background
We started working on Campus Ready project since we witnessed firsthand that the assessment

process in higher education faces significant inefficiencies on both sides of the educational
experience. For teachers, creating high-quality exams requires lots of time amid competing
professional responsibilities(Cope et al., 2020), while students often struggle with inadequate
preparation resources and fragmented learning experiences. Campus Ready's mission is use
artificial intelligence to make exam generation, exam evaluation and exam preparation simple and
efficient both for educators and students.

Supported by the EXIST grant, which provides funding for innovative technology projects
emerging from German academic institutions, Campus Ready is reaching out and establishing
relationships with several universities, including Hochschule Neu-Ulm, Ulm University,
Heilbronn University of Applied Sciences and UIm University and plans to extend this to other
parts of Germany. These collaborations are helping project with user research and feedback
collection critical to the platform’s iterative development process.

1.4.2 Product Suite Description
Campus Ready's project has 4 core features for variety of exam types:

Exam Generation System for Educators: This platform make use of the fine-tuned LLMs using
AWS Bedrock to help teachers to generate customized examination efficiently. The system utilizes
Retrieval Augmented Generation (RAG) which helps in generating questions with accuracy and
reliability based on the content provided, but the platform also provides prompt based exam
generation. Key features include customization options for question types, difficulty calibration,
automated quality checks, and performance analytics that provide insights into exam effectiveness.
This system aims to reduce the time educators spend creating assessments, enabling them to focus
more on teaching and research activities.

Exam Preparation Platform with Personalized Content: The preparation platform makes use
of course materials and then transforms into multimodal learning resources. Students can upload
content provided by professors or from textbooks or research papers, which is automatically
processed into reading materials, audio recordings, and video presentations to accommodate



diverse learning requirements. The platform is adaptive which analyzes student performance on
practice exams and then identifies knowledge gaps and asks questions on those sections of the
content and also provide personalized feedback after every practice test, helping them how they
could answer better. The system also generates explanations for complex topics and creates
practice questions that mirror the style and difficulty of actual examinations. We also have feature
Practice with me where user uploads previous year question paper and new questions are generated
automatically, and the user can take mock test to better prepare for the exam.

Oral Exam Preparation: This is one of the innovative solution which addresses the challenges
students face when preparing for oral exams by providing a risk-free environment to practice
interview skills and oral exam responses. Students can engage with Al avatars that simulate various
question types and examination scenarios, receiving immediate constructive feedback on their
answers, communication style, and knowledge demonstration. The platform help students build
confidence through repeated practice.

Presentation Practice System: This feature allows users to upload their presentations and
rehearse their delivery in a simulated environment. Students can practice presenting their slides
and get real-time feedback on factors such as pacing, clarity, engagement, and content mastery.
The system analyzes both verbal delivery and presentation structure, offering suggestions for
improvement and allowing users to refine their skills through multiple practice sessions.

1.4.3 Current Market Positioning and Development Stage

Campus Ready is positioning itself as an all-in-one examination solution in the German higher
education technology market. While numerous existing solutions offer partial functionality—such
as exam generators (Fuxam, PrepAl, ExamGen), remote proctoring systems (TestReach,
ProctorU), or student preparation tools (Sylvan Learning, Shiken)—Campus Ready's
differentiation lies in its comprehensive approach to the complete assessment lifecycle and its
planned deep integration of Al technologies across all components.

The project follows a structured development timeline, with different components at varying stages
of development. Current efforts are focused primarily on the Exam Generation System, with plans
to have a functional prototype by February 2025. The Student Preparation Platform is in concurrent
development, while the Exam Execution Platform and Al-Powered Oral Exam system remain in
conceptual and early design phases. According to the roadmap, the team plans to launch the Exam
Generation System and Student Preparation Platform by September 2025, with the remaining
components following in subsequent phases.

As the project moves toward commercialization, it has identified an estimated serviceable market
of 700,000 students (25% of the 2.8 million students in Germany (Besart, 2024)) and an anticipated
service obtainable market of 70,000 students (10% of SAM). The business model being developed
is a subscription-based revenue approach primarily targeting students, with enterprise plans for
universities and corporate training programs. The team plans to incorporate as a company and
pursue EXIST Research Transfer Grant in October 2025 and then seed funding in April 2026.

1.4.4 Target Users
Campus Ready is being designed to serve three primary user segments:



Students: The primary commercial focus will be on undergraduate and graduate students seeking
more effective study resources. The platform particularly aims to support international students,
who often face additional challenges with language barriers and different educational systems.
With documented drop-out rates of 41-49% for international bachelor's students and 28-34% for
master's students in Germany (DAAD PERSPECTIVES, 2023), this shows significant market
opportunity. The planned business model includes tiered subscription options designed
specifically for this market, ranging from basic plans (€3/month) to premium offerings (€6/month)
with expanded usability like practice tests and video content.

Universities: In future by enterprise licensing, Campus Ready aims to provide institutional access
to its assessment tools. This business model would allow universities to integrate the platform with
there existing systems like Moodle, providing access for both faculty and students across
departments.

Corporate Training Departments: The platform's capabilities could be also serve corporate
learning and development needs, particularly for companies with regular training and certification
requirements.

By addressing the interconnected needs of these above markets with a student first revenue
approach, Campus Ready seeks to develop a sustainable business model while improving
assessment quality and learning outcomes.

1.5 Problem Statement

There are various Al powered examination tools which are offering varying features like exam
creation, student preparation, exam execution, and assessment evaluation. Campus Ready, project
faces the strategic challenge of positioning its solutions within this competitive landscape both
globally and with particular attention to the German higher education market where it is based.

To successfully understand this market pain points, Campus Ready requires comprehensive
knowledge of existing solutions, their features, how much they charge, target users, and most
importantly, how universities worldwide and in Germany are adopting these technologies. Without
systematic documentation and analysis of the current Al assessment ecosystem from both global
and local perspectives, strategic decision making regarding product differentiation, feature
prioritization, and market positioning becomes challenging and potentially misdirected.

The market for educational technology is growing fast, with new artificial intelligence (Al)
abilities developing all the time and changing user expectations. Understanding this changing
environment will not be only beneficial but also necessary for a project like Campus Ready that
seeks to provide marketable solutions in order to produce goods that really meet consumer
demands and provide convincing uniqueness. Despite the critical importance of this market
intelligence, there exists a significant gap in comprehensive comparative analysis of Al assessment
tools that examines both global trends and German market specifics.

This research addresses this knowledge gap by first looking into the existing literature and listing
down all the features that have been studied and then conduct an systematic documentation and
comparative analysis of Al assessment solutions globally and also German market context. By



documenting both the supply side (available tools and their features) and demand side (university
adoption patterns) across international and German markets, this thesis aims to help Campus
Ready with strategic market insights for informed product development and positioning decisions
as it progresses toward incorporation and market entry.

1.5.1 Research Questions
This research aims to answer the following principal questions:

e RQ1L: What is the current landscape of Al-driven assessment solutions in higher
education from both global and German market perspectives?

1. What categories of Al assessment tools exist in the global market, and how are they
distributed geographically?
2. What pricing is used and how Campus Ready can offer their product?

e RQ2: What feature sets characterize the Al assessment market globally, and where
do gaps or opportunities exist?

e RQ3: What strategic market positioning would optimize Campus Ready's
competitive advantage in both global and German markets?

1. Which market segments or user needs appear underserved by current solutions
internationally and in Germany?

2. How is the university adoption trends globally and in Germany?

1.6 Research Method

This study employs a systematic comparative analysis methodology to evaluate Al-driven
assessment solutions in higher education. The research uses an exploratory documentation
approach focusing on product features, pricing, target markets, and implementation contexts across
global and German higher education landscapes.

The data collection process relies exclusively on secondary research methods through systematic
documentation of publicly available information. The study identifies Al assessment tools globally
and within Germany through comprehensive market scanning of provider websites, industry
directories, market reports, and technology platforms. For each identified solution, the research
catalogs basic information, feature sets, and adoption cases where available. This information is
organized into structured comparative tables that facilitate analysis across multiple dimensions.

The analytical framework follows a multi-stage process that begins with global identification and
documentation of Al assessment tools, followed by feature-specific comparison. Special attention
is given to the German market context to provide Campus Ready with specifically relevant
insights. The methodology systematically compares tools across eleven key assessment features,
including feedback-based learning, personalized learning, question generation, automatic grading,
oral examination, and other capabilities.

This approach helps in to identify the market patterns, feature gaps, and potential differentiation
opportunities which can help to make Campus Ready's strategic positioning decisions as it
develops its Al powered exam preparation solutions for higher education.



1.7 Research Result

The result of the study shows significant gaps in the Al assessment market, particularly in the
German context. The analysis shows that while question generation, feedback-based learning, and
automated grading are widely available features globally, several important features are
overlooked or entirely absent in the Global and also German market, including oral exam
preparation and presentation preparations, Campus Ready now has a significant chance to set itself
apart by using its four-part solution ecosystem. (exam generation, exam preparation, oral
preparation and presentation preparation).

1.8 Contributions

This thesis makes three contributions. Firstly, it delivers a comprehensive comparative analysis of
global and German Al-driven assessment tools. Second, it highlights neglected regions and
significant gaps in the market, giving producers of educational technology helpful information. In
order to guide Campus Ready's approach to pricing models, product differentiation, competitive
positioning, and market entrance, the thesis ends with strategic recommendations.

1.9 Outline of the thesis

The thesis is structured into six chapters. Following this introductory chapter, Chapter 2 is a
detailed literature review on the evolution and current state of Al in educational assessment.
Chapter 3 outlines the research methodology, explaining data collection processes, comparative
analysis frameworks, and analytical approaches. Chapter 4 presents the comprehensive results of
the comparative analysis, covering global market landscapes, feature-specific comparisons, and
detailed university adoption trends. Chapter 5 discusses key findings, strategic implications, and
practical recommendations for Campus Ready’s market entry. The thesis concludes in Chapter 6
with a summary of findings and recommendations to Campus Ready.



2. Literature review
2.1 Al in Higher Education Assessment

This section examines the historical context and current landscape of Al in educational assessment,
tracing its development from early digital tools to advanced Al-driven systems while analyzing
the market structure and key trends shaping this rapidly evolving field.

2.1.1 Evolution of Assessment Technologies

The journey of assessment technologies shows a clear progression from traditional paper-based
methods to increasingly sophisticated digital solutions. According to(Cekic, 2021, p. 273),digital
formative assessment (DFA) tools "offer valuable components that could facilitate formative
assessment, enrich instruction, boost learner engagement and motivation, introduce gamification
and make classes more interactive"(Cekic, 2021, p. 1479). These tools help embed assessment into
instruction, with different tools offering different features to achieve various aims. Their research
found that while popular tools like Kahoot and Socrative have been extensively studied, popularity
does not necessarily correlate with functionality, and most tools feature basic question types that
require limited learner engagement and cognitive demand.

This evolutionary trajectory continued with the integration of learning management systems and
the development of intelligent tutoring systems (ITS). In his overview of intelligent tutoring
systems, (Nwana, 1990) described ITSs as educational systems that "attempt to adapt to special
needs of individual learners™ and "keep track of cognitive states of individual students and respond
appropriately” (Nwana, 1990, p. 260). The paper documented early successes with systems like
WEST, which when used in elementary school classrooms led coached groups to exhibit "a
considerably greater variety of patterns™ in the expressions they formed and “enjoyed playing the
game considerably more than the uncoached group”(Nwana, 1990, p. 270). Another early system,
GUIDON, demonstrated different tutoring strategies by having students play the role of a
physician diagnosing patients, then comparing "the student's questions to those which MYCIN
would have asked and critiques him/her on this basis" (Nwana, 1990, p. 269).

Though early researchers made overly optimistic predictions about the capabilities of these
systems, the field continued to advance steadily. (Nwana, 1990) noted Suppes' ambitious
projection that "in a few more years millions of school children will have access to what Phillip of
Macedon's son had as royal prerogative: the personal services of a tutor as well-informed as
Aristotle” (Nwana, 1990, p. 273), While such predictions proved premature, (Nwana, 1990)
concluded that "it appears certain that the best of ITS research is yet to come™ (Nwana, 1990, p.
273).

A significant milestone in assessment technology was the development of automated essay scoring
systems, (Landauer, 2003) traced the development of automated scoring systems, noting that while
"automated technology for analysis and scoring of open-ended written work is still in its infancy,”
the field had made significant strides with systems like IEA, Intellimetric, and e-rater. The
researcher observed the surprising development that "automated scoring could so easily, and by so
many apparently different routes, produce reliabilities equivalent to that of humans™ (Landauer,
2003, p. 305)



This led to both optimistic and skeptical interpretations. On one hand, (Landauer, 2003) suggested
that "true differences in essay quality are apparently easy to detect” (Landauer, 2003, p. 307). On
the other hand, he cautioned that "the fact that all these disparate methods produce similar results
at least raises the suspicion that one could get acceptable reliability results with the use of variables
that are not conceptually valid™ (p. 306), such as merely counting commas and semicolons. Despite
these concerns, Landauer concluded that automated essay assessment systems have "immediate
worthy employment” as "second or third opinions on high-stakes exams,” as practice tools for
students, and as "components of interactive knowledge and writing tutorial systems"(Landauer,
2003, p. 307).

In a more recent historical survey of intelligent tutoring systems, (Ali Alkhatlan, 2018) observed
that "the gap between human tutors and software tutors in the form of ITSs is narrowing, but not
closed, even remotely” (Ali Alkhatlan, 2018, p. 25). They noted that "while there are no ITSs to
date that possess the cognitive awareness of an actual human tutor, the availability, readiness, and
consistency of ITSs may make them a competitive alternative to human tutors in the future where
cost, time, and scale are the friends of the ITS" (Ali Alkhatlan, 2018, p. 24). They also highlighted
the potential of ITSs to support students with special needs and to track student progress
throughout their educational journey.

(Moravcik, 2016) described this evolution as progressing through three distinct stages: "(1)
technology-driven approach, (2) educational-driven approach, and (3) automation of teaching
processes” (Moravcik, 2016, p. 347). Their approach to technology-enhanced learning is "based
on the automation of teaching processes as knowledge based processes, which is based on the
abstraction of knowledge in an acceptable way from an interdisciplinary point of view" (Moravcik,
2016, p. 347). This progression reflects the increasing sophistication and educational focus of
assessment technologies, culminating in systems that automate complex teaching processes
including assessment.

2.1.2 Current State of Al Integration in Assessment

Today's Al assessment landscape is characterized by multiple capabilities that extend well beyond
simple automated scoring. (Crompton & Burke, 2023) conducted a systematic review of artificial
intelligence in higher education, examining research from 2016 to 2022. They identified five
primary ways Al is used in higher education: "(1) Assessment/Evaluation, (2) Predicting, (3) Al
Assistant, (4) Intelligent Tutoring System (ITS), and (5) Managing Student Learning™ (Crompton
& Burke, 2023, p. 19). Their research documented assessment applications ranging from
evaluating academic progress to assessing student emotions toward learning, while predictive
capabilities focus on identifying at-risk students, dropout potential, and career decisions.

The researchers also noted significant growth in publications, which "rose nearly two to three times
the number of previous years" in 2021 and 2022, with China overtaking the US as the leading
country for research in this field (Crompton & Burke, 2023, p. 19). Another significant finding
was a shift in disciplinary leadership, with "education to be the most common department
affiliation with 28% and computer science coming in second at 20%" (Crompton & Burke, 2023,
p. 19), contrasting with earlier studies where computer science dominated. They also found that
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undergraduate students were the most studied population (72%), and language learning was the
most common subject domain for Al applications.

More recent research has continued to demonstrate the potential of Al-based grading systems.
(Dimari et al., 2024) explored Al-based automated grading systems for open-book examination in
higher education, concluding that "the deployment of Al-driven grading systems opens a new era
of assessment in higher education that promises to be transformative”. The researchers found that
these systems demonstrate effectiveness through "understanding questions and providing accurate,
precise, and consistent grades that closely match human expert evaluations™ (Dimari et al., 2024,
p. 6). Integration with existing educational technology platforms has "not only streamlined the
tedious work of grading but also achieved unprecedented levels of scalability and reliability
compared to conventional manual grading” (Dimari et al., 2024, p. 6). They highlighted the
importance of bias detection and mitigation in ensuring students receive fair and equitable
assessments.

(Alexandra Gobrecht, 2024) proposed a novel Al grading system, suggesting that "Al-based
grading automation is a highly promising avenue towards fairer, more consistent and less biased
graders for students, while at the same time freeing up the time of tutors for more meaningful
teaching interventions” (Alexandra Gobrecht, 2024, p. 10). The researchers explicitly compared
automated grading to autonomous driving, proposing a four-level framework: manual grading
(level 0), assisted corrective grading on group level (level 1), assisted corrective grading on single
student level (level 2), assisted suggestive grading on single student level (level 3), and
autonomous grading (level 4). Given the high-risk nature of grading and evolving regulations, they
recommended focusing initially on levels 1 and 2, where "Al-generated grades are merely used to
double-check human grades, and flag larger discrepancies for further (human) inspection”
(Alexandra Gobrecht, 2024, p. 10).

(Kortemeyer, 2023) conducted a feasibility study on Al grading of student problem solutions in
introductory physics using GPT models. The research found that "Al-assigned grades have a strong
correlation to manually assigned grades (R2 = 0.84)" but concluded they are "currently not reliable
enough for summative assessments, such as high-stake exams” (Kortemeyer, 2023, p. 10).
However, the system was found to be "reliable enough to assist human graders by presorting or
clustering solutions and by providing preliminary scores” (Kortemeyer, 2023, p. 10). The
researcher noted that GPT "still remains hampered by its limited capabilities and inconsistencies
in carrying out symbolic and numerical calculations," and that while narrative feedback "seems
plausible,” it "frequently falls short of being reliable™ (Kortemeyer, 2023, p. 10).

In the computer science domain, automated assessment systems have demonstrated particular
success. (Paiva et al., 2022) conducted a state-of-the-art review of automated assessment in
computer science education, finding that such systems "(1) significantly reduces teachers'
workload, (2) improves student learning, (3) increases the number of activities solved, (4) is well-
received by students, and (5) engages students with activities without teachers' presence™ (Paiva
et al., 2022, p. 26). These benefits extend to both formative and summative assessment contexts,
though the researchers also noted "significant pedagogical gaps and deficiencies of automated
assessment compared to human evaluation, especially regarding the provided feedback

11



information, evaluation of partially correct programs, and critique of other code aspects” (Paiva et
al., 2022, p. 26).

(Wilcox, 2015) examined the role of automation in undergraduate computer science education,
concluding that "automation of key processes such as program grading can save a significant
amount of scarce resources in introductory courses without negatively impacting academic
performance” (Wilcox, 2015, p. 6). The researcher identified benefits including resource savings,
high availability, improved student access, and convenience for students. Most importantly, the
study found that "automation does not impair and can actually benefit academic performance and
increase student interest in our major,” and that "automated grading is also overwhelmingly
popular among students™ based on verbal and written feedback from that study (Wilcox, 2015, p.
6).

The development of personalized assessment paths represents another significant advancement,
with systems increasingly able to adapt to individual learning needs. (Essa et al., 2023) conducted
a systematic literature review of personalized adaptive learning technologies based on machine
learning techniques to identify learning styles. The researchers found “promising results for the
application of the learner model into an adaptive learning system according to the learner
preferences” (Essa et al., 2023, p. 48403). Their review classified learning support and applications
in personalized adaptive learning as focusing on user interface, learning content, learning path,
and tutoring—with adaptive learning content and resources receiving the most interest in the
research literature.

(MccCarthy et al., 2020) described personalized learning in iISTART, examining past modifications
and future design considerations. They emphasized that "personalization is not one size fits all and
that some features will be more or less effective for different learners," highlighting the importance
of examining individual differences to "better identify how cognitive and noncognitive aspects of
learners can interact” (McCarthy et al., 2020, p. 317). The researchers demonstrated how
"principles of personalization can increase the quality and efficacy of learning” and emphasized
that "a system is more than simply 'personalized or not™ but rather has "multiple dimensions along
which a CBLEs [Computer-Based Learning Environments] can be modified and varying degrees
of personalization that can address student's skills, interests, and needs" (McCarthy et al., 2020, p.
317).

Question generation capabilities have also advanced significantly, becoming a core component of
many Al assessment systems. (Kurup, 2017) reported on an automatic question generation system
for intelligent tutoring systems, highlighting several advantages. The system was "completely
automated and requires no human intervention whatsoever in any stage of its execution™ (Kurup,
2017, p. 132). The system can generate multiple-choice questions from "any text source related to
Physics such as Physics textbooks, blogs, or any other source™ after it has been taught about a
certain subject (physics in this case)(Kurup, 2017, p. 132).

Recently, (Hang et al., 2024) presented MCQGen, a state-of-the-art system that uses a large
language model to create multiple-choice questions (MCQs) for personalized learning. The system
efficiently generates pertinent and difficult questions by fusing prompt engineering with retrieval-
augmented generation, which improves the learning process.
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The evaluations by the researchers, which integrate human expertise with sophisticated computer
analysis, show how successfully the framework generates a variety of intricate, contextually
relevant queries. They came to the conclusion that MCQGen is a significant development in
educational technology that offers a practical way to produce excellent multiple-choice questions
(MCQs), which are crucial for e-learning and digital assessment(Hang et al., 2024).

(Jacopo Amidei, 2018) investigated the evaluation of autonomous question creation technologies
from 2013 to 2018. They discovered that although many new systems had been developed,
methods for evaluating them had not developed as rapidly.  Their research revealed many
problems in the field, including inconsistent evaluation criteria and disagreements among human
assessors. To address these issues, they suggested that researchers share their evaluation methods
and collaborate to create shared criteria for evaluating quality. Furthermore, the authors pointed
out that although automated assessment would provide uniformity, the accuracy with which
automated measures captured system quality was uncertain due to a lack of studies comparing
automated and human evaluations(Jacopo Amidei, 2018).

Real-time feedback systems have become more important as part of educational assessment since
they provide students with immediate feedback on their work.. (Hooda et al., 2022) Their study
showed how various Al-powered assessment techniques might significantly enhance students'
learning outcomes and experiences. The researchers found that the Improved Fully Convolutional
Network (I-FCN) technology far surpassed earlier Al and machine learning approaches, providing
students with high-quality feedback with an accuracy rate of 84%. They created a theoretical
framework for assessment analytics that focused on seven key priority areas in an effort to improve
student accomplishment. They did admit, though, that their framework fell short in addressing
security risks and other potential problems that may come up during evaluation procedures.(Hooda
etal., 2022).

The introduction of conversational examination options is another important advancement in Al
evaluation. (Li et al., 2024) found characteristics such as "real-time interactivity, context
simulation and practical ability investigation, adaptive adjustment, and accurate assessment” in
conversational exam models for higher education that were based on artificial intelligence. (Li et
al., 2024, p. 330). "Examination system architecture, question bank design and knowledge map
construction, and intelligent scoring mechanism™ were among the topics the researchers covered
in their detailed explanation of the design of such systems. (Li et al., 2024, p. 330).

They came to the conclusion that "the intelligent dialogical examination mode represents an
inevitable choice in the field of education,” despite recognizing issues with "technical stability,"
"imperfections of natural language processing technology,” "security and confidentiality,” and
variations in students' capacity to adjust to new examination formats(L.i et al., 2024, p. 330). They
expressed optimism that "through collective action by educators, technologists, and all societal
sectors, these issues can be ultimately addressed and resolved” and that this approach would
"facilitate the introduction of innovative ideas and methodologies for the evaluation of educational
processes” (Li et al., 2024, p. 330).

The integration of Al in online exam proctoring has been another area of significant development,
though not without controversy. (Susnjak & Mclintosh, 2024) investigated whether ChatGPT
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represents the end of online exam integrity, finding that large language models can be effectively
used for cheating on multimodal exam questions. Their research found that "exam questions
including visuals from humanities may pose the least amount of challenge to answer correctly by
the best-performing LLMs, followed by exam questions from the sciences and business subjects,
respectively™ (Susnjak & Mclntosh, 2024, p. 18).

Based on these findings, the researchers recommended several strategies to enhance the integrity
of online assessments, including proctored online exams, reinstatement of viva-voce examinations,
and enhanced multimodal exam strategies such as incorporating multiple images alongside text,
designing questions requiring long-term strategies and forecasts, integrating real-world scenarios,
incorporating additional modalities like video and audio, requiring annotation or drawing, linking
questions with prior assessments, and including decoy questions designed to detect LLM
assistance (Susnjak & Mclntosh, 2024, pp. 16-17).

(Coghlan et al., 2021) investigated the ethical concerns surrounding online exam proctoring
systems, framing their analysis around whether these technologies serve as helpful monitors or
invasive surveillance. Proctoring businesses were criticized by the researchers for not taking into
account the possible negative effects of their products. They underlined that these businesses
need to provide technology that minimizes threats to students' autonomy, privacy, and fair
treatment. The authors rejected the industry practice of simply providing features and then placing
all responsibility for ethical use on educational institutions(Coghlan et al., 2021).

The study called for more comprehensive research into how proctoring technologies affect various
aspects of education, including academic honesty, fairness, privacy, transparency, and student
autonomy. The researchers also emphasized the need to understand how these technologies might
broadly impact societal liberty and public trust in emerging tech (Coghlan et al., 2021).

(Lee & Fanguy, 2022) directly questioned whether online exam proctoring technologies represent
educational innovation or deterioration. They suggested an alternative approach, arguing that
"rather than providing them with advanced online exam proctoring technologies, the field (and
universities) should support them in ‘creatively' navigating challenging situations like the Covid-
19 pandemic and developing ‘radically’ innovative evaluation practices that can nurture a trusting
pedagogical relationship and culture of formative assessment"” (Lee & Fanguy, 2022, p. 486). This
perspective aligns with broader calls for assessment approaches that prioritize student learning and
engagement over surveillance and control.

2.1.3 Market Segmentation and Key Players
The educational technology market has seen substantial growth and diversification in recent years,

particularly in the assessment sector. As noted earlier, (Crompton & Burke, 2023) systematic
review documented significant growth in publications related to Al in higher education and shifts
in both geographical and disciplinary leadership. Their research showed that China has overtaken
the US as the leading country for research in this field, and education departments are now more
prominent than computer science departments in leading Al educational technology development.

Digital assessment tools have proliferated across various educational contexts, with platforms
offering different features and capabilities. (Sugilar, 2019) examined the Quizizz online digital
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system assessment tool, finding that it "is easy to use and can make it easier for teachers or lecturers
to carry out assessments because it can quickly find out the results of the test answers and their
analysis" (p. 3). They noted that students found the system "fun" and that it "helps them review
subject matter and stimulates their interest in learning because there is a ranking of exam results
so that they have a strong desire to compete to be at the forefront™ (p. 3).

The researchers compared different platforms, finding that "there are significant differences in
concentration, involvement, enjoyment, motivation, and satisfaction" among tools like "Kahoot,
Quizizz and Google Forms" (Sugilar, 2019, p. 3). They concluded that "Kahoot and Quizizz have
presented many positive things on Google forms when used in classrooms” and that overall,
"Quizizz was considered to have a positive impact on student involvement and learning outcomes
and became feedback on lecture implementation” (Sugilar, 2019, p. 3).

While established commercial assessment providers continue to dominate parts of the market,
university-developed solutions and EdTech startups are increasingly gaining traction. (Smolansky
et al., 2023) examined educator and student perspectives on the impact of generative Al on
assessments in higher education, finding widespread awareness of tools like ChatGPT, though
usage patterns varied. Only "one in four students used it weekly or daily for coursework (29%
Australia; 24% US) and for fun (25% Australia; 14% US)" while educators were using it "weekly
or daily for professional purposes (35% Australia; 10% US), for research (15% Australia; 30%
US), and for fun (31% Australia; 40% US)" (Smolansky et al., 2023, p. 380).

The researchers found that beyond ChatGPT, "students and educators use tools like Anthropic,
Bard, BingChat, ClaudeAl, DALL-E, Midjourney, and Stable Diffusion™ (Smolansky et al., 2023,
p. 380). Their research documented "consensus that essays (incl. reports, literature review, case
studies, research papers), computer code (incl. pseudo-code, mathematical proofs), short-answer
and multiple-choice questions are very or at least moderately impacted™ by generative Al, while
"presentations and discussions that are either pre-recorded or live" were rated as least impacted
(Smolansky et al., 2023, p. 381).

An interesting finding from their study was that "educators have a strong preference for the adapted
prompt [designed to address generative Al use] while students are less convinced by the
adaptation, especially for the essay prompt" (Smolansky et al., 2023, p. 381). Student concerns
included "a loss in creativity in the adapted essay prompt because it gave them an essay to critique
instead of asking them to write one on their own,"” with one student commenting "it kills creativity.
You can't ask humans to be the secretary to machines™ (Smolansky et al., 2023, p. 381). This
highlights the need to carefully consider student perspectives when designing Al-influenced
assessment approaches.

The researchers noted that “there is much work to be done in preparing our students for a world in
which Al tools are ubiquitous™” and suggested that “there is a need to build students' capabilities in
Al, but more importantly, there is a need to help them navigate the more complex interplay
between technology, cognition, social interaction and values™ (Smolansky et al., 2023, p. 381).
This conclusion aligns with one student's comment that “universities should be more interested in
teaching us how to use more ways to solve problems™ (Smolansky et al., 2023, p. 381).
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Mobile technologies have also influenced the assessment landscape, with (Manoj, 2011)
examining the impact of the evolution of smart phones in education technology and its application
in technical and professional studies from an Indian perspective. The researcher observed that
globalization and technology are "'change drivers' that have significantly re-shaped the landscape
of the higher education” and that "the need for lifelong learning and rapid developments in ICT
have led many traditional universities to become involved with online delivery™ (Manoj, 2011, p.
46).

The researcher noted that "the growing demand of smart phone and high speed mobile browsing
is ready to change the basics of higher education delivery system™ and that mobile learning may
be used "to access the educational opportunities to different segments of the society where distance
or other obstacles present a barrier to accessing formal learning centers and to enhance the quality
of learning and continued professional development” (Manoj, 2011, p. 46). While acknowledging
barriers such as "the cost of a smart phone, network coverage in remote areas and awareness of the
educational contents on web," the researcher concluded that "the pace at which the mobile
subscribers are growing in India, it is evident that mobile phone usage in education is here to stay"
(Manoj, 2011, p. 46).

2.2 Assessment Solution Feature Categories

Al-driven assessment technologies have evolved to address multiple facets of the educational
assessment process. This section examines four core functional areas that constitute
comprehensive Al assessment solutions: exam generation systems, student preparation platforms,
exam execution environments, and evaluation tools. By analyzing how different providers
implement these features, this section identifies innovative practices and potential differentiation
opportunities.

2.2.1 Exam Generation and Content Management Capabilities
Modern Al assessment solutions incorporate sophisticated content management systems that

facilitate the creation, organization, and delivery of assessment materials. These systems typically
include question bank development, automated question generation, quality assurance
mechanisms, and metadata tagging for efficient content organization.

Automated question generation represents a significant advancement in assessment technology.
(Rishabh Singh, 2013) demonstrated that constraint-based synthesis techniques can effectively
generate and correct assessment content, with their system successfully addressing 64% of
incorrect solutions in programming assignments. Their method computed minimum repairs to
students' faulty answers using constraint-based synthesis and an error model that described
possible fixes, providing a basis for automated feedback in introductory programming courses.
The researchers viewed their technique as a foundation for providing automated feedback to large
numbers of students in online programming courses.

(Kumar, 2005) described an automated tutor system that not only generates problems but also
produces correct answers and feedback without instructor intervention. The study detailed a
comprehensive case of a fully automated tutor for programming language scope that automatically
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generated problems, correct answers, and feedback. Kumar's system utilized specialized models—
such as static trees or procedure call sequences—to generate assessment content that captures
essential domain concepts, demonstrating that effective automated tutors don't necessarily need
domain-derived models as long as they capture key concepts.

Quality assurance remains a critical challenge in Al-generated content. (J. Zhang et al., 2022)
identified limitations in existing approaches that rely solely on either correct or incorrect program
databases as references. Their system, Clef, innovatively draws from both correct and incorrect
program databases to produce higher quality repairs and feedback that mimics human debugging
processes. Zhang and colleagues explained that tools using only correct examples make faulty
assumptions about error patterns, while those using only incorrect examples struggle with
relevance. This approach highlights the importance of having diverse reference materials when
generating assessment content.

2.2.2 Student Preparation and Adaptive Learning Technologies

Platforms for student preparation provide individualized learning experiences by modifying the
way material is delivered according to the requirements of each learner. Key features include
personalized learning paths, knowledge gap identification, progress tracking, and multimodal
content delivery.

Adaptive content delivery significantly enhances learning effectiveness. (Zhao, 2011) outlined a
strategy for delivering multimedia material that is adaptable and contextually aware for use in
ubiquitous learning environments. Their study proposed a u-learning adaptation model that could
extract unique information from e-learning systems and provide adaptive content based on learning
context awareness. Although only 50% of students thought they got exactly the proper information
for their requirements, their review showed that about 80% of students reported better learning
experiences via such individualized settings, suggesting that personalization algorithms may need
some work. The researchers noted that more work has to be done on customized recommendation
systems to effectively handle contextual concerns.

Another successful strategy for preparing students is spaced repetition. (Kang, 2016) highlighted
how spaced practice strengthens knowledge over time, increasing learning efficacy. The research
found that memory is much enhanced when knowledge is spread out over time as opposed to being
crammed into a single session. Kang described spaced repetition as a case study in the inability to
integrate psychological research findings to educational practice, pointing out that massed practice
is still usually preferred in conventional instructional methods despite significant evidence
supporting its efficacy.

In order to accommodate a variety of learning preferences, multimodal content delivery has shown
promise. (A. Jackson, 2014) found that students like having a choice in how they are taught, with
some preferring textual instruction and others audiovisual presentations. The study examined
students' perceptions of multimodal course material distribution in a library research course and
found that flexibility in content format significantly enhanced learning experiences. The research
did point out that maintaining different material types presented substantial hurdles, with text being
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simpler to update than video, which proved to be laborious to rewrite. Instead of recommending
separate full-length alternatives, the study suggested embedding shorter movies within digital text.

2.2.3 Proctoring and Exam Execution Solutions

The main objective of exam execution solutions is to provide exams in a secure manner while
maintaining academic integrity. Among the noteworthy features are remote proctoring
technologies, behavioral analysis, identity verification, and secure exam environments.

Automated proctoring systems have become increasingly sophisticated. (Atoum et al., 2017)
developed a multimedia analytics system for online exam proctoring that extracts features from
Six core components: gaze estimation, activity window detection, text detection, voice detection,
phone detection, and user verification. Both audio and video recording are used by the system.
Their method was affordable and practical because it just required two inexpensive cameras and a
microphone. With this very simple hardware design, their system achieved a consistent 2% false
alarm rate and an approximately 87% detection rate for fraudulent activity. The researchers' results
demonstrated that automated proctoring using widely accessible technologies was possible, even
though they acknowledged that more work was needed in this important behavior detection
difficulty.

Building on this foundation, (Maniar et al., 2021) developed a computer vision-based automated
proctoring system that can keep an eye on many students at once. In order to stop cheating and
maintain the integrity of tests in online settings, they conducted research on developing a semi-
automated proctoring system. They identified a number of cheating strategies, but they also
identified a significant flaw: students may be able to communicate with others who are not in the
camera's field of view. They highlighted the continuous difficulty of developing completely safe
remote examination situations by speculating that thorough monitoring could necessitate 360-
degree camera coverage.

2.2.4 Al-Powered Evaluation and Assessment Approaches
Al-driven assessment systems reduce instructor effort by automating the review of student replies

and delivering fast feedback. These solutions use a variety of technologies, such as project
assessment, automated feedback production, and natural language processing (NLP) for essay
grading.

Automated essay evaluation has shown promising results. (Liu et al., 2017) shown that system-
generated Indirect Corrective Feedback (ICF) improved the quality of writing, especially in the
areas of coherence, organization, structure, conclusion, and supporting arguments. According to
their study comparing the effectiveness of the two approaches, pupils were more inclined to spend
time on self-correction while using the automated methodology as opposed to traditional teacher
input. The study discovered that automated input was most beneficial for content development.
However, they did identify several shortcomings: Some articles received a lot of feedback
recommendations, and the system's remarks may not be specific enough to correct specific
grammar and spelling errors.
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(Chang, 2021) further investigated this field by incorporating deep learning into the automated
essay score feedback production process. CNN+LSTM (convolutional neural network+ Long
Short-Term Memory) was the best deep learning model, outperforming baseline models on the
majority of writing tasks. Three deep learning models for automated essay grading tasks were
evaluated in their research. They used an unsupervised sentence-paraphrasing technique for
feedback production, pointing out that this method might more effectively and adaptably
supplement expert-driven feedback templates than supervised techniques.

(H. Zhang, 2019) investigated the use of natural language processing to provide students formative
feedback on how they used text evidence in their writing. Their eRevise technology chooses the
best feedback messages for students based on natural language processing (NLP) elements from
an automated essay grading system that is based on a rubric. According to experimental data,
students who received automated feedback via eRevise were able to enhance their use of text
evidence, indicating the potential of such systems to lessen the workload for instructors while
simultaneously improving students’ writing abilities.

Recent advances in language models have further enhanced automated scoring capabilities. (Latif
& Zhai, 2024) demonstrated the potential of big language models in educational evaluation by
showing that the refined GPT-3.5 model performed better than Google's BERT model in
automated scoring tasks for scientific education. They utilized datasets from middle school and
high school students to study multi-label and multi-class assessment tasks. They did, however,
also draw attention to important issues, pointing out that using Al into educational evaluation
presents moral conundrums pertaining to the openness and fairness of scoring systems.

Retrieval Augmented Generation (RAG) has emerged as a particularly effective approach for
automated feedback. (Zifei F. Han, 2024) shown that by including tutoring transcripts and
principles into language models through word embeddings, RAG prompting enhances the
assessment of tutoring quality. Their research showed how RAG provides more contextually
relevant and accurate assessments, with RAG-based prompts demonstrating more correct
performance in evaluating tutoring methods at lower financial costs than other strategies.

(zifan Wang, 2024) investigated the use of RAG in conjunction with generative language models
for the automated scoring of short replies. They noted that since RAG is not limited by inaccessible
model weights or technology requirements for fine-tuning, it may effectively employ enormous
datasets. Their findings indicate that RAG systems are based on pretrained semantic similarity
models, and the accuracy of the models has a significant influence on the results. This illustrates
how important the retrieval component is to RAG systems in the classroo.

(Zachary Levonian, 2023) investigated how to improve arithmetic question-answering using RAG
and found a trade-off between generating solutions that people enjoy and replies that closely mirror
specific teaching resources. Their research shows that individuals prefer solutions to conceptual
arithmetic problems that employ RAG, provided the prompt isn't too prescriptive. This emphasizes
how important it is to balance human preference with groundedness in instructional Al
applications.

The quality of RAG-based systems is strongly influenced by their retrieval components.
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(Shahul Es, 2023) emphasized that the three key elements that effective RAG systems must assess
are fidelity (response based on recovered context), answer relevance (answering the question), and
context relevance (targeted collected information). Their RAGAS technique offers useful metrics
for evaluating and enhancing RAG-based educational systems by doing away with the need for
ground truth responses.  Their analysis shows that the framework’s predictions closely match
human assessments, particularly in terms of fidelity and response relevance.

(Bashir et al., 2021) focused on using machine learning and natural language processing to assess
subjective responses. Their approach, which incorporated similarity measurements and keyword
analysis, produced very precise findings. Their experimentation revealed that word2vec
approaches perform better than traditional word embedding techniques by maintaining semantic
integrity, and that Word Mover's Distance outperforms Cosine Similarity in most cases while
accelerating machine learning model training.

(Debuse, 2008) investigated how teachers felt about automated feedback systems. According to
their findings, automated feedback generators may reduce workloads while also enhancing the
amount, consistency, and timeliness of input. According to the research, these systems may
provide outcomes that are on par with human methods from the standpoint of the student,
suggesting that automated systems have the potential to be advantageous for both teachers and
students.

(Xi, 2010) offered a more comprehensive viewpoint on automated feedback and grading systems.
Although Xi acknowledged that these systems provide effective, real-time feedback that has the
potential to revolutionize learning, he also pointed out that computer-generated feedback is still
not as accurate as that of trained human evaluators, even though it might be suitable in practice
settings with minimal stakes and guidance from an instructor. Xi also pointed up research gaps,
pointing to a lack of study on the long-term impacts of automated feedback on learning as well as
feedback stability across performance samples.

2.2.5 Campus Ready's Approach and Market Differentiation
As of March 2025, Campus Ready has developed few and planned an integrated suite of

assessment solutions that span the four functional areas identified in this review. The company's
offerings include:

The Exam Generation System for Educators leverages fine-tuned Large Language Models on
AWS Bedrock infrastructure with Retrieval Augmented Generation to incorporate course-specific
materials. This approach aligns with best practices identified by (Kumar, 2005) and (J. Zhang et
al., 2022), employing sophisticated models to generate contextually relevant assessment content.
The system's customization options, difficulty calibration, and automated quality checks address
quality assurance challenges highlighted in the literature, while its performance analytics provide
insights into exam effectiveness—a feature that supports continuous improvement in assessment
design.

The Student Preparation Platform with Personalized Content transforms course materials into
multimodal learning resources tailored to individual needs. This platform implements the adaptive
content delivery principles discussed (Zhao, 2011) while addressing the multimodal learning
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preferences identified by (A. Jackson, 2014). By automatically processing uploaded content into
reading materials, audio recordings, and video presentations, the system accommodates diverse
learning styles. The adaptive features of the platform, which examine student performance to find
knowledge gaps, react to (Kang, 2016) findings on effective learning strategies, we are planning
to incorporates spaced repetition principles.

Through an interactive learning platform, the Al-Enhanced Practice Environment (practice with
me) makes complete preparation easier. This application facilitates the creation of adaptive
assessments and personalized feedback by allowing students to upload their own resources and
create customized practice examinations. The benefits of automated feedback are enhanced by
personalized feedback systems, as stated by (Liu et al., 2017) and (Debuse, 2008).

By concentrating on verbal assessment formats, the Al-Powered Oral Exam Preparation system
fills a major gap in existing assessment technology. The technology offers a risk-free setting for
students to hone their oral communication abilities by letting them practice with Al avatars that
mimic test situations. This creative use expands the advantages of automated evaluation to verbal
domains, a path that hasn't been well covered in the reviewed literature.

The Presentation Practice System expands the assessment environment to include evaluation of
presentational skills by providing real-time Al feedback on factors including pacing, clarity,
engagement, and topic knowledge. This component is just one more inventive way that automated
evaluation has been applied to domains that have traditionally needed human inspection.

Many of the potential and difficulties mentioned in this study are addressed by Campus Ready's
all-encompassing strategy. Although the implementation would need to carefully balance
groundedness and human preference, as noted by current research on RAG's effectiveness in
educational settings, the integration of RAG across many components is consistent with (Zachary
Levonian, 2023). Campus Ready places itself at the forefront of integrated Al assessment
technology by providing a comprehensive portfolio of products that cover the whole assessment
process.

2.3 Technical Implementation Approaches

With many significant technical implementations becoming the most often utilized methodologies,
artificial intelligence has significantly improved educational assessment technology. This area of
study examines how diverse integration architectures, computer vision, natural language
processing, and big language models are used in assessment systems for higher education.

2.3.1 LLM Integration in Assessment Technologies
The use of Large Language Models (LLMSs) into educational assessment systems represents a

significant advancement in automated content generation and evaluation. (Zhang et al., 2021)
shown the value of pre-trained language generation models for question-generating tasks,
underscoring the necessity for further research on pre-training goals designed with educational
applications in mind. This suggests that although general-purpose LLMs provide a starting point,
customized adaptations for educational settings are required to optimize their efficacy.
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For educational applications, a number of fine-tuning methods have been developed to adapt huge
language models to domain-specific requirements. According to (Subhankar Maity, 2024), by
refining LLMs on specific educational datasets, these models may become more adept in
understanding the subtleties of the curriculum and producing questions that are more in line with
its goals. This customized strategy guarantees that while targeting certain learning objectives, Al-
generated material retains its instructional value.

One of the most important strategies for using LLMs for evaluation is prompt engineering.
Teachers may direct language models to produce pedagogically sound and contextually
appropriate questions by using well-crafted prompts. (Subhankar Maity, 2024) outlined how
prompt-tuning allows for targeted question creation based on certain passages or ideas by using
language models' prior knowledge while guiding output toward particular learning goals.

The capabilities of LLMs in assessment extend beyond question generation to context-aware
response evaluation. (Mulla & Gharpure, 2023) noted that despite improvements, problems still
exist since produced queries may lack the ability to extract important information or be natural.
This demonstrates the need of context-aware response systems that are able to assess student
responses using the proper semantic knowledge.

Domain-specific knowledge integration has been facilitated through Retrieval Augmented
Generation (RAG). (levgeniia Kuzminykh, 2024) demonstrated that RAG-enhanced models
leveraging ChatGPT can self-evaluate student answers without requiring reference answers by
accessing course information loaded into the system. Their technology provided targeted,
individualized feedback while achieving remarkable accuracy rates of 90% for open-ended
questions and 100% for multiple-choice questions. This method greatly improves assessment
accuracy and feedback quality by enabling Al systems to integrate domain-specific information
from course materials. Their installed platform served as proof of concept, showing that RAG-
based automated techniques may significantly enhance the learning process by giving students
help that is contextually relevant and catered to their individual learning requirements.

(Afzaal et al., 2021) further shown how well explainable machine learning techniques work to
provide intelligent and automated feedback. In order to create predictive models for calculating
data-driven feedback and suggestions at the assignment or quiz level, their study produced an
explainable machine learning method that used students’ LMS data. Students' academic
performance improved and their ability to self-regulate their learning was enhanced by this
method. According to their dashboard review, this technology-enhanced feedback system
improved learning results and student motivation in a variety of educational settings.

2.3.2 Computer Vision in Proctoring Systems

Computer vision technologies have transformed remote assessment through sophisticated
proctoring systems that maintain academic integrity. (Atoum et al., 2017) constructed a multimedia
analytics system that gathers information from six components—user authentication, text and
voice detection, active window identification, gaze estimation, and phone detection—using only
two low-cost cameras and a microphone. With a 2% false alert rate, their system detected 87% of
cheating actions. Similarly, (Maniar et al., 2021) implemented computer vision techniques for
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automated proctoring that could monitor multiple students simultaneously, though noted
limitations when monitoring individuals outside the camera's field of view—suggesting potential
need for 360-degree monitoring.

2.3.3 Natural Language Processing for Evaluation
Natural Language Processing (NLP) technologies have significantly advanced automated

assessment through sophisticated text analysis capabilities that enable more nuanced evaluation of
student work beyond simple multiple-choice questions.

(Shi & Aryadoust, 2024) 83 studies from a comprehensive assessment of Al-based automated
written feedback research were found to have exhibited skills in a variety of linguistic and
ecological contexts. According to their study, a variety of automated writing assessment systems
have been used with different approaches to feedback kinds; the most often studied type of
feedback is form-related feedback.

Automated feedback generation models have shown promising results for improving learning
outcomes. (Ekaterina Kochmar, 2020) found that automatically generated personalized hints and
explanations substantially improved student learning gains. Their experiments demonstrated high
student satisfaction with automatically generated explanations, confirming that Al-generated
explanations can effectively personalize learning interventions. Domain experts also rated the
mathematical hints generated by the system as predominantly useful for student learning, with It
is estimated that more than 90% of the mathematical hints are "very useful” or "somewhat useful.”

The personalization of feedback through NLP has demonstrated measurable impacts on learning
outcomes. (Ekaterina Kochmar, 2020) shown that as compared to baseline or shallow
customization strategies, deep personalization models produced greater learning gains for students.
The usefulness of sophisticated NLP approaches in educational environments is shown by this
research, which confirms the idea that sophisticated customization in automated feedback
considerably enhances learning outcomes.

Assessment systems can now identify and react to students' emotional states because to
developments in sentiment analysis. (Zheng et al., 2021) found that learning analytics-based
personalized feedback methods significantly improved emotional states and collaborative
knowledge-building. Their device automatically provided emotion analysis results to participants,
enhancing group awareness of emotional dynamics and enabling timely responses when
unfavorable sentiments were detected. Importantly, their study also showed that this approach
"did not increase cognitive load,” easing concerns about technologically enhanced feedback
systems.

(Henderson et al., 2019) found three areas to demonstrate the challenges of giving feedback in
higher education: person ability, environmental constraints, and feedback methods. As per their
study, "college students and staff indicated specific concerns that the content, mode of
communication, and impact for subsequent tasks could be improved," and educators pointed to "a
lack of time and issues of scalability” as the primary barriers to providing personalized feedback.
NLP technology instantly resolves these problems by automating the process of providing
personalized feedback at scale.
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2.3.4 Integration Architectures with Learning Management Systems

The seamless integration of Al assessment technologies with existing learning management
systems (LMS) requires well-designed technical infrastructures that support data transfer and
interoperability.

API-based integration approaches enable flexible connections between assessment technologies
and various LMS platforms. (levgeniia Kuzminykh, 2024) shown how effective integration
frameworks may help students grow over time by using feedback loop mechanisms that gather
course data and provide feedback to guide the creation of personalized knowledge assessments.
To enable bidirectional data flow between assessment platforms and institutional systems, such
solutions need strong API architecture.

Data exchange protocols and standards ensure consistent communication between assessment
platforms and LMS environments. (Iraj et al., 2020) investigated how students reacted to
customized feedback messages and offered a way to monitor their engagement with the Moodle
and OnTask platforms. By utilizing simple and practical features that are well-known to most
online educators, their approach exemplifies practical integration strategies that function within
the limitations of current technology. Additionally, it does not necessitate expensive URL tracking
features that are not present in existing learning platforms.

Grade passback mechanisms allow automated assessment results to be seamlessly recorded in
institutional grading systems. (levgeniia Kuzminykh, 2024) claimed that the open-ended and
multiple-choice questions on their platform had outstanding accuracy rates, indicating enough
dependability for automated grading integration with institutional systems. This level of
performance enables institutions to confidently incorporate Al-evaluated assessments into formal
grading processes.

Scalability considerations remain paramount for institution-wide deployment of Al assessment
technologies. (Pardo et al., 2017) discussed how the present environment at higher education
institutions makes it more difficult to provide constructive feedback. Their study showed how
digital interaction data and teacher expertise might be combined to provide huge student cohorts
timely, tailored feedback, underscoring the need of scalable architecture design for institutional
deployments.

(Lim et al., 2021) discovered that students who received feedback in a major course performed
higher on final exams and had significantly different learning processes. The impacts of process
feedback based on learning analytics were investigated in this research. Importantly, they found
that the effect of feedback on final grades was the same for students with different previous
academic performance scores, indicating that learning analytics-based feedback, which is
employed in their course, may benefit students from any academic background. This research
highlights the potential equitable impact of well-designed integration systems.

(Ponnusamy et al., 2021) created a self-learning framework for large-scale conversational Al bots
that effectively uses query reformulation to identify and fix systemic and user issues during
runtime. Their approach, which used a highly scalable collaborative filtering mechanism based
on an absorbing Markov chain, revealed efficient utterance reformulations in conversational Al
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systems. The system was able to accurately gather massive amounts of cross-user data offline
without negatively impacting perceived latency by using look-up rewrites online. Their rewrite
selection system maintained high accuracy while reactively assessing the feasibility of rewrites.
Their solution generated an excellent win-loss ratio of 11.8 and decreased customer frictions by
over 30 percent when implemented in production across millions of users. Although this self-
learning approach was created for conversational agents like Alexa, it shows great promise for
educational assessment technologies. Similar feedback mechanisms could allow for ongoing
improvement through user interactions without the need for constant human intervention.

2.3.5 Learning Path Personalization through Al Integration

Al-driven assessment technologies have enabled increasingly sophisticated personalization of
learning paths based on assessment data. These approaches dynamically adjust educational content
and assessment delivery based on individual student performance and needs.

(Chen, 2008) suggested a genetic-based customized learning route generating technique that, based
on wrong pre-test answers, may concurrently take into account the idea continuity of subsequent
courseware and the courseware's degree of difficulty. The experimental findings showed that
curriculum sequencing suggestion may accurately create a tailored learning route for the
courseware that a learner has not yet received and increase learner's learning effectiveness when
compared to freely browsing learning modes. The ability of the curriculum sequencing suggestion
learning mode to tailor instruction for individuals with very specific requirements and limited time
or patience to finish previously taught material was emphasized as a significant benefit.

(Jiang et al., 2022) introduced a dynamic customized learning route generating algorithm that gives
students appropriate information sequences according to their learning stages and the connections
that are necessary for specific knowledge. Their method created a knowledge mastery model that
diagnoses learners' states by examining students' learning behavior data and normalizing exercise
test scores, and a knowledge difficulty model that automatically determines the difficulty of
knowledge points based on other learners' historical learning behavior data. Their tests showed
that the suggested algorithm may improve effective behavior rates, course completion rates, and
learning efficiency by offering a distinct learning sequence and assisting students in mastering
content.

2.3.6 Immersive Technologies in Assessment

Emerging immersive technologies provide new opportunities for genuine assessment settings,
even as conventional assessment methods continue to dominate. Systems for virtual and
augmented reality may provide lifelike simulation environments that allow for the controlled
evaluation of sophisticated abilities.

(Paszkiewicz et al., 2021) addressed the demand for specific VR settings in industrial training by
creating a thorough approach for integrating virtual reality in education for Industry 4.0. Their
spiral model method systematically organizes the development process and allows for ongoing
improvement. The approach was successfully tested via engineering training applications, showing
that VR-based assessment and training environments may be successfully applied in educational
settings despite market constraints including expert shortfalls and limited user experience.
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(Martins, 2017) investigated game-based virtual and augmented reality applications for teaching
civil engineering, and discovered that integrating these interfaces made it easier for participants to
share information throughout the learning exercises. Their first results suggest that VR and AR in
conjunction with games might help students learn and share civil engineering information,
suggesting potential applications for assessing engineering skill in immersive environments.

2.4 University Adoption Factors

One important technological development that requires careful consideration of adoption concerns
is the incorporation of artificial intelligence (Al) into evaluation systems in higher education. The
intricate dynamics of technology adoption in educational contexts are examined in this part, along
with decision-making procedures and factors like key stakeholders, enablers and obstacles, and
return on investment that affect the use of Al evaluation tools.

2.4.1 Decision-making Processes in Educational Technology

Higher education institutions employ various approaches to evaluate and adopt new educational
technologies, with decision-making structures playing a crucial role in successful
implementations. Effective governance models involve cross-functional teams with representation
from each stakeholder group to ensure needs are addressed during development and facilitate buy-
in during implementation (Nicole Wagner, 2008). (Ely, 2014) explains that the first step in these
decision-making processes is the formulation of the issue or the requirements analysis, which finds
the gaps between the desired results and existing capabilities.

The adoption of educational technology innovations, including Al-driven assessment solutions,
typically follows a structured approach. Institutions often deploy pilot programs to test
technologies in controlled environments before full-scale implementation. (Birte Keller, 2019)
observed that in Germany, many Al initiatives emerge through bottom-up approaches where
individual scientists or chairs develop implementation ideas based on project proposals, rather than
through top-down strategic planning.

Evaluation frameworks and criteria form another critical component of the decision-making
process. (Chugh et al., 2023) Provide a methodology for using educational technology that
includes five essential elements: academic discipline, technology, stakeholder perspectives,
success measurements, and theoretical frameworks. When choosing and deploying educational
technology solutions, institutions may make evidence-based choices with the support of an all-
encompassing strategy.

Timeline considerations significantly impact adoption decisions, with (Ely, 2014) emphasizing
that sufficient time must be provided for training, curriculum integration, and practice by
implementers. Case studies of successful implementations, as referenced by (Shahzad et al., 2024),
reveal that clear guidelines from educators are crucial in ensuring appropriate and ethical use of
Al tools in academic settings.

2.4.2 Barriers and Facilitators to Adoption
While there are several obstacles to the use of Al-driven evaluation tools in higher education, there

are also some advantages. Successful implementation requires an understanding of these
dynamics.
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Institutional inertia represents a significant barrier to technology adoption. (Zawacki-Richter et al.,
2019) observe that delayed transition processes are common in higher education institutions, and
that many universities' leadership is not well-informed about the potential of Al. (Birte Keller,
2019) discovered that many management teams at German universities either don't recognize the
need for using Al or think the requirements aren't being addressed.

Faculty technological readiness serves as both a potential barrier and facilitator. (Al-Mughairi &
Bhaskar, 2024) emphasize that faculty members need training programs to implement Al
effectively and understand its capabilities and limitations to build confidence in integrating these
technologies. The study by (Xiaowen et al., 2025) proves the importance of technical support and
training by proving that continuous motivation to use Al technology is significantly influenced by
effort expectations and enabling conditions.

Infrastructure limitations pose substantial challenges to Al implementation. (Birte Keller, 2019)
identify lack of infrastructure and limited financial resources as significant obstacles to
technological innovation in universities. Similarly, (Al-Mughairi & Bhaskar, 2024) stress the need
for higher education institutions to make sure instructors have the technology and the internet
access they need to use Al technologies.

The deployment of Al in educational contexts is significantly hampered by privacy and security
issues. (Popenici & Kerr, 2017) Be wary of privacy issues and the potentially disastrous outcomes
of digital monopolies. These issues must be addressed as universities plan for sustainable
technological integration. (Birte Keller, 2019) note that data protection restrictions and innovation
process obstacles contribute to Germany's comparatively slow progress in Al adoption. Their
research found that sensitive data handling is critically important, and data protection officers
should always be involved in automated system development.

Regulatory compliance requirements further complicate adoption processes. (Spector, 2016)
argues that institutions must go beyond mere compliance with laws and policies to develop
thoughtful approaches to Al implementation that address deeper ethical concerns.

Several factors facilitate successful technology adoption in educational settings. (Ely, 2014)
outlines eight factors—dissatisfaction with the current quo, knowledge and skills, resources, time,
incentives, participation, commitment, and leadership—that encourage the use of innovative
educational technology. While the lack of any condition lowers overall efficacy, the existence of
these factors raises the chance of a successful implementation. One very important component of
success is leadership. (Nicole Wagner, 2008) emphasize that high-level institutional leadership is
needed to recognize and realize opportunities. This leadership includes appointing project
champions who communicate responsibilities and emphasize the importance of cooperation to
each stakeholder group.

2.4.3 Key Stakeholders in Technology Implementation
The successful implementation of Al assessment technologies requires engagement with diverse
stakeholders, each with specific roles and responsibilities in the adoption process.

When implementing technology, administrative leadership is essential. (Nicole Wagner, 2008)
develop a Stakeholders' Responsibility Matrix that outlines the ways in which organizations should
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provide the technical assistance and infrastructure required for all-encompassing solutions.
However, (Birte Keller, 2019) report that university administrators have shown limited interest in
Al systems, suggesting a leadership gap in many institutions.

Faculty involvement mechanisms are essential for successful implementation. (Al-Mughairi &
Bhaskar, 2024) recommend that successful Al-using teachers share experiences through
workshops and conduct research on Al impact in educational settings to share with stakeholders.
These activities build confidence among leadership and faculty regarding Al educational benefits.

Student consultation approaches ensure that technologies meet learner needs. (Shahzad et al.,
2024) emphasize that while students will inevitably use Al tools academically, careful
consideration must be given to assessment incorporation to maintain critical thinking skills and
originality in responses.

IT department collaboration is critical for successful technology implementation. (Al-Mughairi &
Bhaskar, 2024) note that institutions need continuous support mechanisms to address teachers'
implementation challenges, highlighting technical staff's ongoing role in supporting Al initiatives.
Educational technologists contribute specialized expertise to implementation efforts. (Chugh et al.,
2023) include these professionals among key stakeholders whose perspectives must inform
technology adoption decisions. Their knowledge of pedagogical approaches and technical
capabilities helps bridge educational goals and technological solutions.

External vendor relationships influence implementation success. (Al-Mughairi & Bhaskar, 2024)
suggest that Al service providers should put in place strong data security measures, explain data
regulations in plain terms, and seek teacher feedback about implementation issues. These
collaborative relationships support effective integration of Al solutions into educational
environments.

Change management strategies facilitate technology adoption by addressing resistance and
building support. (Nicole Wagner, 2008) emphasize that substantial e-learning initiatives should
involve cross-functional teams representing all stakeholder groups. This inclusive approach
ensures specific needs are addressed and encourages institution-wide buy-in.

2.4.4 Value Assessment and Strategic Benefits of Educational Technology
Institutions' choices to use Al evaluation technologies are heavily influenced by return on
investment (ROI) analysis, which takes into account factors more than only financial ones.

Cost-benefit analysis frameworks help institutions evaluate technology investments. While
specific frameworks weren't detailed in the provided literature, (Chugh et al., 2023) identify budget
and procurement considerations among the key decision criteria in technology selection. Time-
saving quantification methods assess one of the primary benefits of Al adoption. (Al-Mughairi &
Bhaskar, 2024) identify Al's time-saving capabilities through administrative task automation and
innovative teaching method facilitation as strong teacher motivators. Teachers are able to
concentrate more on valuable student interactions because of this efficiency.

Quality improvement metrics measure enhanced educational outcomes. (Chatterjee &
Bhattacharjee, 2020) suggest that Al solutions create new opportunities for teaching, learning, and
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administrative functions in higher education institutions, implying potential quality improvements
across multiple domains.

Student success indicators provide evidence of educational technology effectiveness. (Dimitriadou
& Lanitis, 2023) note the importance of improving student services and suggest that Al-based
smart classroom development leads these efforts in the right direction. Retention impact
assessment helps quantify technology investment value. (Birte Keller, 2019) describe systems
using predictive analytics to identify potential dropouts and improve student success, noting that
increased learning analytics use at German universities aims to accelerate processes and increase
academic success.

Competitive advantage evaluation considers how technology adoption positions institutions within
the higher education landscape. (Birte Keller, 2019) suggest that Al technical systems could
become a relevant university competition field where institutions seek comparative advantages or
avoid reputation disadvantages.

Long-term sustainability considerations evaluate the ongoing viability of technology investments.
(Popenici & Kerr, 2017) emphasize that universities must carefully consider their Al
implementation choices, as these decisions will shape the future of teaching and learning in higher
education. (Nicole Wagner, 2008) stress that effective implementation requires stakeholders to
work collaboratively toward enhancing the overall learning experience. This approach supports
sustainable adoption by ensuring technology investments align with institutional missions and
educational objectives.

2.5 Ethical and Pedagogical Considerations in Al-Driven Assessment

Educational institutions must carefully negotiate the substantial pedagogical and ethical issues
raised by the use of Al in educational evaluation. This section looks at the key elements affecting
the proper usage of Al assessment tools.

2.5.1 Ethical Frameworks and Privacy Concerns
The ethical foundation for Al in education remains grounded in human-centered approaches. (L.

Zhang et al., 2022) observe that the "mankind centrism™ paradigm, which prioritizes human
interests, still governs the ethical debates around Al in education today. Privacy and data
protection issues become critical when evaluation systems gather more precise information about
student performance and behavior.

(Owan et al., 2023) stress that developing fair evaluation systems requires protecting student
privacy and data security. Clear regulations pertaining to data collection, use limits, and student
rights must be established by educational institutions. This includes transparent communication
about how assessment data will be used and appropriate consent mechanisms for data collection.

2.5.2 Algorithmic Fairness and Assessment Validity
One major ethical worry with Al evaluation systems is the possibility of algorithmic biases. (Owan
etal., 2023) caution that Al algorithms can exhibit bias and may overlook important non-cognitive
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factors that influence academic performance. This can potentially disadvantage certain student
groups and undermine assessment validity.

The concept of validity in Al assessment differs from traditional evaluation approaches. (Yue et
al., 2022) observe that machine learning evaluations move beyond binary correctness to consider
reliability and efficiency within specific contexts. This shift requires new frameworks for ensuring
assessment fairness and accuracy. (Owan et al., 2023) contend that while Al may provide more
efficient and objective grading, it should be used in conjunction with human judgment in
educational evaluation rather than in substitute of it.

2.5.3 Transparency and "Black Box" Challenges

A fundamental challenge in Al assessment involves balancing advanced capabilities with
sufficient transparency. (Yue et al., 2022) Talk about the idea of "black boxes" in Al education,
pointing out that many machine learning models work via intricate, opaque processes where
parameters are automatically changed through data training rather than explicit programming,
while conventional programming shows obvious logic routes.

This lack of openness might restrict comprehension of evaluation criteria and erode confidence in
assessment procedures. In order to preserve stakeholder faith in assessment results, educational
institutions must think about how to strike a balance between technical complexity and enough
clarity.

2.5.4 Pedagogical Integration and Teacher Roles
Careful alignment with educational objectives is necessary for the successful incorporation of Al

assessment technology. (Hopfenbeck et al., 2023) suggest that Al may support formative
assessment processes, but cautious implementation is required. They recommend employing Al to
assist with feedback, particularly in large courses where it may be challenging to provide timely
advice to every student, while emphasizing the critical role that teachers play in guiding the usage
of Al

Note how several pedagogical techniques are used in Al education programs, ranging from direct
teaching to cooperative and design-oriented methodologies. In order to enable meaningful
learning outcomes that go beyond subject knowledge to include critical thinking and self-
regulation, assessment systems must take into account these varied methods.

2.5.5 Student Agency and Self-Regulation
The growth of student agency and self-regulation is becoming more and more crucial as Al

assessment systems proliferate. (Hopfenbeck et al., 2023) stress that when students engage with
Al systems, they must strengthen their self-regulation abilities. These include goal-setting,
tracking their progress, and modifying their tactics in response to Al input.

(Owan et al., 2023) Keep in mind that some students can find machine-based assessments
unsettling, which might lower their motivation and level of participation. Educational institutions
must use Al technology in a way that preserves students' autonomy and psychological comfort
with evaluation processes while fostering their development as independent learners.
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2.5.6 Balancing Efficiency and Educational Value

The implementation of Al assessment technologies requires careful balancing of efficiency gains
with educational quality. (Owan et al., 2023) imply that while determining each student's unique
strengths and shortcomings, Al-based evaluation may free up teacher time for meaningful student
interactions. But rather than only expediting administrative procedures, this efficiency has to be
used for instructional reasons.

(Hopfenbeck et al., 2023) draw attention to the changing role of educators in facilitating Al-
enhanced learning, emphasizing that students need assistance in deciphering Al feedback and
coming to wise judgments. With this guided approach, Al technologies improve rather than reduce
educational experiences and promote students' critical thinking skills.

As (Owan et al., 2023) Consequently, stakeholders from every aspect of the educational ecosystem
must collaborate to develop strategies that maximize Al's benefits for assessment while lowering
associated risks. The best way to apply Al assessment tools responsibly is via collaboration, which
incorporates a variety of viewpoints and thorough ethical consideration.

2.6 Stakeholder Perspectives on Al-Driven Assessment

The degree to which Al-driven evaluation tools are used in higher education will be greatly
influenced by how different stakeholders perceive, embrace, and utilize them.  This section
examines the perspectives of key stakeholders, including administrators, instructors, and students.
They emphasize their specific concerns, goals, and expectations about Al assessment solutions.

2.6.1 Student Perspectives and Experiences

Students generally demonstrate positive attitudes toward Al tools in educational settings, with
many perceiving these technologies as beneficial for their academic journey. (Obenza, 2024) found
that university students were eager to employ generative Al technology and had a generally
positive opinion of them. However, their research also revealed that participants suffered from
severe anxiety, particularly when it came to the limitations imposed on their social networks during
coursework and the potential obstacles to the development of critical abilities like collaboration
and problem-solving.

(Zamri et al., 2024) found that students see Al technology as useful and practical, enhancing
cooperation, engagement, and academic performance. According to their study, Al technologies
provide students the ability to take charge of their education, which boosts student engagement
and creates a more lively learning environment. Students demonstrated a high level of comfort and
appreciation for the tools' flexibility and responsiveness while interacting with Al, suggesting that
Al has the power to pique interest and provide a secure environment for research.

Research by (Acosta-Enriquez et al., 2024) identified the primary factors influencing students'
positive opinions of Al technology, with acceptance, a desire to use often, and responsible use
emerging as the most potent predictions. Their findings suggest that students who often utilize
Al tools are more likely to develop a critical perspective on the data they get, most likely as a
consequence of being more acquainted with the capabilities and limitations of these systems.
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Despite generally positive perceptions, students express several concerns about Al assessment
tools. (Smolansky et al., 2023) found that students have varied reactions to assessments adapted
for Al use, with some expressing worries about diminished creativity. (Obenza, 2024) observed a
high level of student anxiety around the possible decline in independence and critical thinking
abilities brought on by an over-reliance on Al.

(Acosta-Enriquez et al., 2024) found that perceived danger and boredom were two more
characteristics that had a negative impact on students' views toward Al technologies, although their
effect was less than that of the positive aspects. According to their study, while utilizing Al
technologies, students prioritize simplicity of use and are worried about privacy.

2.6.2 Faculty Perspectives and Concerns

Faculty members demonstrate varying levels of openness toward Al-driven assessment
technologies. (Marzilli et al., 2014) found that while faculty were receptive to the use of
technology, programs that significantly depend on faculty and students' readiness and capacity to
embrace new paradigms for teaching and learning must be successful. Their research indicates
that teacher engagement with educational technology is influenced by both individual attitudes
and institutional support for implementation.

(Dempere et al., 2023) Make the case that academics should embrace Al chatbots as useful
teaching, research, and service tools, stressing the need to learn about Al in order to comprehend
its potential and constraints. Academic fraud may be reduced by faculty using this knowledge to
develop innovative teaching strategies and assessment practices. Their results suggest that
academics need to adapt to a learning environment driven by Al, where conventional teaching
techniques may ultimately become outdated.

Regarding academic integrity in the context of Al technologies, faculty members voice serious
concerns. (Cong-Lem et al., 2024) found that the primary elements of academic dishonesty,
according to professors, are plagiarism, a lack of original ideas, and the exploitation of Al-
generated work without proper attribution. According to their research, educators are concerned
that excessive use of Al to produce ideas and information might significantly impair kids' capacity
to develop more complex language skills, critical thinking abilities, and real-world skills.

(Nguyen, 2023) suggests that educators modify their methods of evaluation by developing tasks
that go beyond simple subjects that Al can handle with ease. Evaluations should instead demand
critical thinking and individual involvement to ensure that students can use Al technology in a
positive manner without becoming dependent on them or losing their creativity. It is advised that
teachers provide clear guidelines and expectations for assignments and inform students of the
potential risks associated with Al applications and the consequences of relying too much on them.

(Smolansky et al., 2023) discovered that teachers choose tests that foster critical thinking and are
created with the expectation that Al would be employed. This implies that academic staff members
understand the need to modify evaluation practices to accommodate Al technology. However,
the varied answers from the students somewhat go against this wish, pointing to potential
inconsistencies in stakeholder goals for the assessment design.
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2.6.3 Administrative and Institutional Perspectives

From an administrative perspective, educational institutions are increasingly recognizing the need
to adapt to technological changes. (Marzilli et al., 2014) Describes how one institution used a
multi-year strategy with hybrid learning choices to revamp a number of popular degrees in order
to improve student achievement, schedule flexibility, accessibility, and graduation rates. As part
of larger strategic efforts to enhance educational results, this example shows how institutional
leadership may handle technology integration.

(Marzilli et al., 2014) suggest that institutional priorities for technology integration include
expanding access to quality education, improving degree completion rates, and managing costs for
both universities and students. These administrative concerns align with national educational goals
and reflect pressures on institutions to demonstrate value and performance.

Successful implementation of educational technologies requires institutional commitment to
stakeholder support. (Marzilli et al., 2014) highlighted that in order to guarantee the success of
technological redesign projects, a university must be committed to the growth of its staff and
students in regard to technology-enriched teaching and learning settings. This demonstrates that
the importance of education and training in embracing technology is recognized.

Institutions are exploring various strategies to address challenges posed by Al technologies.
(Obenza, 2024) suggest that universities should collaborate with Al startups to develop methods
for detecting Al-generated content to address concerns about academic integrity. This reflects
administrative interest in developing technological solutions to emerging challenges associated
with Al assessment tools.

2.6.4 Alignment and Tensions Between Stakeholder Perspectives

Despite differing priorities, there are areas of alignment between stakeholder perspectives.
(Smolansky et al., 2023) found agreement regarding which types of assessments are most affected
by Al tools among both students and educators, as well as shared concerns about academic
integrity. This suggests some common ground in stakeholders' understanding of Al's implications
for assessment.

However, tensions exist in how different stakeholders envision the future of Al-enhanced
assessment. (Smolansky et al., 2023) found that while teachers prefer assessments designed with
Al use in mind that foster critical thinking, students' reactions to this method were mixed, partly
due to concerns about decreased creativity. This highlights any differences between teachers' and
students' perspectives on the most effective approach to develop evaluations.

(Smolansky et al., 2023) observed unexpected consensus across stakeholder groups in some
aspects of their research, contrary to expectations of variation between educators and students and
across different cultural contexts. This implies that stakeholders may have more in common with
relation to Al evaluation than first thought, notwithstanding some conflicts.

The researchers stress how important it is to properly plan and contextualize new evaluation
prompts that give priority to advanced thinking abilities, learning processes, and real-world
activities. This conclusion makes recommendations for possible ways to carefully construct
assessments in order to match stakeholder expectations.
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2.6.5 Technical Support and Implementation Considerations
Implementation of Al assessment tools must consider varying patterns of use across different

student demographics. (Kazemitabaar et al., 2024) discovered that the use habits of an Al
programming assistance varied by gender, indicating the need to look into other demographic
characteristics and how they affect the use of resources. This suggests that technical assistance for
Al products should take into consideration the various demands and behaviors of users.

Stakeholder views of Al technologies are greatly influenced by technical performance.
(Kazemitabaar et al., 2024) pointed out that, in contrast to more sophisticated models that were
eventually implemented, previous iterations of their Al tool could have had a detrimental impact
on students' views, which might account for erroneous answers and a gradual decline in utilization.
This emphasizes how crucial it is to choose the right Al models and maintain technical quality in
order to provide satisfying stakeholder experiences.

Perceived accuracy and utility are strongly correlated with students' usage of Al technologies.
(Kazemitabaar et al., 2024) found that student trust and engagement were strongly correlated with
the performance of the underlying Al models in their system, underscoring the relationship
between technical competence and user acceptance. This suggests that technical teams supporting
Al assessment implementations should focus on selecting models that provide reliable, high-
quality results in order to maintain stakeholder trust.

2.7 Current Challenges and Future Research Directions

While Al-driven assessment solutions offer substantial promise for transforming educational
evaluation practices, significant challenges and research gaps remain. This section explores current
limitations, emerging approaches, and future research directions that will shape the evolution of
Al assessment technologies.

2.7.1 Technical Limitations and Evaluation Concerns

Current Al assessment systems face several technical challenges that limit their effectiveness and
reliability. (Madaio et al., 2022) found that choosing suitable performance measures, identifying
relevant stakeholder groups for assessment, and obtaining sufficient datasets for thorough
evaluations are challenges faced by Al practitioners. These difficulties also arise when
implementing educational assessments, where choosing suitable evaluation measures and
guaranteeing representative data collection continue to be major obstacles.

Question generation quality represents another technical limitation. According to (Mulla &
Gharpure, 2023), Current systems sometimes create strange or pointless questions, and measures
for assessing the quality of Al-generated questions are currently being developed. They provide
more thorough assessment models that include many methods while preserving the applicability
of each individual application. These difficulties show how important it is to keep improving Al
evaluation tools.

Automated feedback systems face similar challenges regarding scope definition and alignment
with human evaluation. (Shi & Aryadoust, 2024) It is advised that these systems explicitly define
the categories of users, language skills, and content genres that fall inside their application bounds.
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To improve system validity and efficacy, they underlined the need of continuing study into
feedback accuracy and consistency with human assessment, especially instructor input.

2.7.2 Integration and Scaling Challenges

Integration of Al assessment technologies with existing educational systems presents significant
challenges. (Sembey et al., 2024) noted that despite their effectiveness in assisting educators and
examiners, the majority of new technological tools have drawbacks. While Al tools may improve
evaluation procedures, their effective incorporation requires careful consideration of how these
technologies complement human evaluators rather than replace them, according to their study.

Scaling Al assessment solutions across diverse institutional contexts introduces additional
challenges. (Madaio et al., 2022) found a number of variables that impact fairness work in Al
systems, including pressure to quickly deploy systems at scale, a lack of interaction with
stakeholders and domain experts, and corporate motivations that can favor certain groups over
others. These issues are especially pertinent in educational settings, because upholding the
integrity of education depends on fair evaluation procedures.

2.7.3 Emerging Approaches and Future Trends

Instead of focusing on summative results, future research in Al assessment is moving toward
formative evaluation techniques that highlight continuous learning processes. (Sembey et al.,
2024) suggested further research into feedback and assessment technology, with an emphasis on
formative evaluations and skill and competency evaluation. Growing awareness of the need of
ongoing, process-oriented feedback in educational settings is reflected in this trend.

Extended Reality (XR) technologies represent an emerging frontier in assessment research.
(Sembey et al., 2024) determined that XR applications are an unexplored field that needs further
research, especially in terms of its evaluation capabilities. Their study emphasizes the need of
investigating feedback strategies in various technology-mediated learning contexts, paying close
attention to human-centric factors and explicitly incorporating pedagogical and ethical principles
into design and assessment.

Personalized learning approaches supported by predictive analytics are gaining prominence in Al
assessment research. (Hurskaya, 2024) concluded that key areas of Al education research include
tailored learning, data analytics, intelligent tutoring, and predictive modeling. These tactics
leverage Al capabilities to tailor assessment and feedback to each student's needs via tailored
evaluation experiences, potentially boosting educational outcomes.

2.7.4 Cross-Disciplinary Research Opportunities

Cross-disciplinary research frameworks represent a significant opportunity for advancing Al
assessment. (Sembey et al., 2024) discovered a substantial gap in the frameworks for the creation,
evaluation, and use of cutting-edge technology in higher education. In order to build cogent
strategies for Al integration, this emphasizes the need of cooperative research that crosses
technological advancement, educational philosophy, and assessment practice.
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Collaborative approaches involving diverse stakeholders are essential for addressing Al
assessment challenges. (Hurskaya, 2024) underlined that in order to guarantee inclusive,
egalitarian, and advantageous educational applications, educators, students, administrators, and Al
developers must work together to overcome implementation difficulties. This multi-stakeholder
viewpoint encourages interdisciplinary research that incorporates a range of agendas and areas of
expertise.

2.7.5 Longitudinal Impact and Theoretical Foundations

Research that looks at efficacy from a variety of angles is necessary to comprehend the long-term
effects of Al assessment technology. (Dawson et al., 2018) found that staff and students differed
on what made feedback helpful, although they agreed on its purpose. While staff focused on design
factors like time and modality, students gave greater weight on remark quality, notably usability,
detail, emotional care, and individuality. These findings highlight how important it is to include
the views of several stakeholders when evaluating the impact of Al evaluations.

Al evaluation theoretical frameworks are still developing as the technology's educational uses
grow. (Hurskaya, 2024) observed that the social influence of Al has made it globally relevant, with
educational research concentrating on implementation issues, experience improvements, and result
improvement.  This implies that despite addressing particular implementation problems,
theoretical approaches to Al evaluation must interact with larger educational and technical settings.

2.7.6 Ethical Considerations and Knowledge Gaps

Ethical considerations in Al assessment require greater research attention. (Sembey et al., 2024)
underlined the need of paying more attention to ethics while creating educational technology,
particularly when it comes to human-centric consequences. This line of research acknowledges
that while creating and deploying Al assessment systems, ethical considerations and the potential
effects on various learners must be carefully taken into account.

Significant knowledge gaps remain regarding equity, access, and quality assurance in Al
assessment. (Hurskaya, 2024) identified problems in the areas of data privacy, teacher training,
skill development, content quality, and equality and access that must be addressed for
implementation to be effective. These gaps underline the need for research that addresses the
technical and social aspects of Al assessment, with a focus on ensuring equitable educational
opportunities.

2.8 Research Gap and Focus of the Current Study

There are still a number of important gaps in our knowledge of the present market environment,
feature implementations, and adoption trends despite the substantial research on Al-driven
assessment technologies in higher education. This research uses a thorough approach to market
analysis to fill up these gaps.

Though very little research has comprehensively mapped the worldwide ecosystem of accessible
Al evaluation solutions, the literature analysis uncovers a plethora of information regarding
particular assessment systems and their theoretical underpinnings. While studies like (Crompton
& Burke, 2023) document the growth of Al applications in higher education, they focus primarily
on academic research rather than market offerings. A comprehensive catalog of existing tools,
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their geographic distribution, pricing structures, and target audiences is largely absent from the
current literature.

Based on the literature review, the following key features of Al assessment tools have been
identified:

1.

Feedback-based learning: Al systems can provide immediate, personalized feedback on
student work. (Liu et al., 2017) demonstrated that system-generated Indirect Corrective
Feedback improved writing quality, while (Debuse, 2008) found that automated feedback
generators can reduce faculty workloads while improving feedback timeliness,
consistency, and quantity.

Personalized learning: Adaptive systems tailor educational content to individual learner
needs. (McCarthy et al., 2020) emphasized that personalization can increase the quality
and efficacy of learning along multiple dimensions, while (Zhao, 2011) reported that about
80% of learners reported improved learning experiences through personalized
environments.

Question/exam generation: Al can automatically generate assessment questions from
educational materials. (Kurup, 2017) developed a fully automated system that could
generate multiple-choice questions from any physics-related text without human
intervention, while (Hang et al., 2024) demonstrated that large language models can create
diverse, complex, and contextually relevant questions using retrieval-augmented
generation techniques.

Automatic grading: Al systems can evaluate and score student responses. (Landauer,
2003) tracked the development of automated essay scoring systems that demonstrated
reliability comparable to human graders, while more recently, (Kortemeyer, 2023) found
strong correlation (R? = 0.84) between Al-assigned and manually assigned grades in
physics assessments.

Oral exam preparation: Al can simulate verbal examination scenarios. (Li et al., 2024)
examined conversational exam models, finding characteristics such as context simulation,
adaptive adjustment, real-time interaction, and precise evaluation capabilities.

Proctoring systems: Al monitors test-takers to maintain academic integrity. (Atoum et al.,
2017) developed a system using inexpensive cameras and a microphone that achieved 87%
detection rate for cheating behaviors, while (Maniar et al., 2021) created a system capable
of monitoring multiple students simultaneously.

Learning path personalization: Al can dynamically adjust educational content based on
assessment performance. (Chen, 2008) demonstrated improved learning effectiveness
through a genetic-based personalized learning path generation scheme, while (Jiang et al.,
2022) showed increased course completion rates and learning efficiency using dynamic
path generation algorithms.

Immersive assessment environments: Virtual and augmented reality create realistic
simulation environments for authentic assessment. (Paszkiewicz et al., 2021) developed
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methodology for VR implementation in industrial training, while (Martins, 2017) found
that VR/AR integration eased knowledge transferability in engineering education.

9. Multimodal content delivery: Al systems can transform educational content into various
formats. (A. Jackson, 2014) found that students appreciate having choices in content
formats, with some preferring text while others favor video presentations, highlighting the
value of flexibility in content delivery.

10. Coding preparation and assessment: Al systems can evaluate programming assignments
and provide targeted feedback. (Paiva et al., 2022) found that automated assessment in
computer science education significantly reduces teachers' workload, improves student
learning, and increases student engagement with activities. Similarly, (Wilcox, 2015)
demonstrated that automation of program grading can save significant resources without
negatively impacting academic performance and is overwhelmingly popular among
students.

While numerous studies examine these specific features of Al assessment tools, there is limited
comparative analysis of how different providers implement these features across their platforms.
The feature-specific research tends to focus on technological capabilities rather than market
differentiation, leaving a gap in our understanding of the competitive landscape.

University adoption patterns of Al assessment tools represent another under-researched area.
Although studies like (Xiaowen et al., 2025) and (Al-Mughairi & Bhaskar, 2024) examine faculty
readiness and institutional barriers to Al adoption, systematic documentation of which universities
have adopted specific tools, for what purposes, and with what outcomes remains limited. This gap
is particularly pronounced in the German higher education context, where Al adoption research by
(Birte Keller, 2019) identifies structural challenges but provides limited insight into specific
assessment tool implementation patterns.

The current study addresses these gaps through a systematic market analysis focused specifically
on Al assessment solutions in higher education. Unlike previous research that has typically
examined either technological capabilities or adoption factors in isolation, this study provides a
comprehensive view of both the supply side (available tools and their features) and demand side
(university adoption patterns) of the Al assessment landscape. By listing and assessing resources
that are available both domestically and abroad, this research offers valuable insights into the
current state of Al assessment technologies and their use in higher education institutions.
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3. Research Methodology

3.1 Research Design

This research evaluates Al-driven evaluation systems in higher education using a methodical
comparative analysis approach. An exploratory descriptive method is used in the study design,
with an emphasis on institutional adoption patterns, market positioning, product attributes, and
technical capabilities. Since standardized evaluation frameworks are still being developed and
rapid growth happens in new technological industries, this technique was chosen.

Finding patterns, capabilities, differentiators, and adoption trends across the assessment solution
landscape is made possible by the comparative analysis framework, which permits an organized
review of many solutions at once. This strategy fits the goals of the study, which focus on market-
level understanding rather than user experience or implementation outcomes.

The research follows a multi-stage process that begins with global identification and
documentation of Al assessment tools, followed by feature-specific comparison of these tools. It
then narrows to a German market-specific analysis, concludes with documentation of university

Multi-Stage Research Process for Al Assessment Tools Analysis
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Phase 1: Global Identification and Documentation of Al Assessment Tools

Comprehensive market scanning to identify and catalog all relevant Al assessment solutions worldwide
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I
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Documentation of worldwide implementation patterns Specific focus on German higher education context

Figure 1: Multi-Stage Research Process for Al Assessment Tools Analysis

adoption patterns both globally and with specific attention to the German higher education
landscape. This design enables a thorough understanding of both the current market offerings
(supply side) and implementation patterns (demand side) in the Al assessment landscape for higher
education.
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3.2 Data Collection Methods
This research relies exclusively on secondary data collection methods to conduct comparative
analysis, drawing from a wide range of documentary sources to ensure comprehensive coverage.

3.2.1 Market Scanning

A comprehensive market scanning process is employed to identify all relevant Al assessment tools
globally building on tools identified from the literature review. This process involves systematic
examination of educational technology provider websites and documentation, educational
technology directories and marketplaces, industry reports on Al in education, educational
technology conference proceedings, and product review platforms. For each identified tool, the
research systematically collects basic information including tool name, geographic presence,
pricing structure, target user demographic, primary purpose, company headquarters location, and
official website.

3.2.2 Feature Documentation Analysis

For each identified tool, detailed feature information is methodically collected through official
product documentation, feature lists and specifications on provider websites, product
demonstration videos, user guides and tutorials, public APl documentation where available, and
case studies. The feature analysis specifically focuses on eleven key capabilities: feedback-based
learning, personalized learning, question/exam generation, automatic grading, oral exam
preparation, presentation preparation, exam proctoring, AR/VR implementations, coding
preparation and assessment, performance prediction, and other distinctive features. This
comprehensive approach ensures that both common and differentiating features are accurately
documented across all identified tools.

3.2.3 University Adoption Research

Data on university adoption of Al assessment tools is systematically collected through university
technology implementation announcements, digital transformation initiative documentation,
educational technology procurement notices, academic papers describing institutional
implementation, vendor-published case studies, and educational technology conference
presentations. For each identified university adoption, the research documents the university name,
country, Al assessment tool(s) used, purpose of tool implementation, reported results or relevant
studies, and links to relevant information sources. This approach captures both the breadth of
adoption patterns and specific implementation details were available.

3.3 Data Organization and Structuring
The collected data is organized into comprehensive comparative tables that facilitate systematic
analysis across multiple dimensions.

3.3.1 Global and German Tool Catalog Table

A master table documents all identified Al assessment tools worldwide with a structured format
capturing tool name, geographic presence, pricing, target user, primary purpose, website link, and
company headquarters location. This catalog provides the foundation for subsequent detailed
analysis and serves as a comprehensive reference of the current global market landscape.
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3.3.2 Feature Comparison Matrix

A detailed feature comparison table maps individual tools against the eleven identified feature
categories, documenting specific implementation approaches and capabilities for each. This matrix
enables both horizontal comparison (how a single tool implements multiple features) and vertical
comparison (how different tools implement the same feature), providing a multi-dimensional view
of the current market offerings.

3.3.3 German Market-Specific Tables

Filtered versions of the global tables focus exclusively on tools available in the German market,
maintaining the same structure but with Germany-specific information and considerations. This
focused analysis provides more detailed insights into the market relevant to Campus Ready and
similar German educational technology providers.

3.3.4 University Adoption Tables

Comprehensive tables document university adoption patterns globally and specifically within
Germany. These tables capture university name, country, Al assessment tool(s) used, purpose of
tool, reported results where available, and relevant information links. This structured
documentation enables identification of adoption patterns, preferred solutions, and implementation
approaches across different institutional contexts.

3.4 Analytical Approach
The analysis follows a systematic comparative approach examining multiple dimensions of both
the supply and demand sides of the Al assessment market.

3.4.1 Global Market Landscape Analysis

This analysis identifies major players and their market positioning, documents geographical
distribution patterns, classifies tools by primary purpose and target audience, and examines pricing
models and accessibility considerations. This thorough market mapping offers crucial background
information for comprehending the competitive environment and identifying positioning
possibilities.

3.4.2 Feature-Based Comparative Analysis

The feature analysis documents implementation approaches across tools, identifies common
versus distinctive features, assesses feature sophistication and technical implementation, and
classifies tools based on feature breadth and depth. This thorough comparison shows market norms
as well as areas for difference in the use of certain evaluation skills.

3.4.3 German Market Analysis and Feature-Based Comparative Analysis

This focused analysis compares German market offerings to the global landscape, identifies
Germany-specific tools or adaptations, examines feature availability specific to the German
educational context, and documents pricing and accessibility in the German market. This approach
highlights both alignment with global trends and market-specific considerations relevant to
German higher education.

3.4.4 University Adoption Analysis
The adoption analysis documents trends by geography, identifies most widely adopted tools and
common implementation purposes, and assesses reported outcomes where available. This
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examination of the demand side provides crucial insights into institutional decision-making and
implementation patterns.

3.4.5 German University Adoption Analysis

This specific analysis compares German university adoption patterns to global trends, documents
institution-specific implementations, analyzes adoption patterns by university type, and identifies
Germany-specific implementation considerations. This in-depth analysis offers immediate
application to the German higher education industry and possible adoption routes.

3.5 Data Collection Process

The data collection process follows a methodical sequence to ensure comprehensive coverage of
both the global and German-specific Al assessment landscape. The process begins with initial tool
identification through comprehensive market scanning, followed by basic information collection
using standardized templates. It then proceeds to detailed feature verification through in-depth
documentation review and cross-reference verification across multiple sources.

Using a range of sources, the university adoption study methodically finds recorded
implementation instances. Gaps are found and, if feasible, focused follow-up research is carried
out once all gathered data has been combined into organized tables for analysis. A last round of
verification guarantees the completeness, correctness, and consistency of all the data gathered.

3.6 Quality Assurance Measures

Throughout the study process, a number of quality assurance procedures are used to guarantee data
quality and scientific rigor. Data verification includes cross-referencing tool information across
multiple sources, verifying feature claims through official documentation, triangulating adoption
information, and clearly documenting information sources for all entries.

Consistency measures include developing standardized data collection templates, applying
consistent feature classification criteria, regularly reviewing entries to ensure classification
consistency, and using a standardized approach to information gaps. Documentation transparency
is maintained through clear notation of collection dates, explicit acknowledgment of information
limitations, transparency regarding analytical assumptions, and documentation of verification
sources.

3.7 Limitations of Methodology

This methodology has several inherent limitations that must be acknowledged. Information
accessibility is limited to publicly available sources, with detailed feature specifications often
unavailable without direct product trials. Pricing details may be incomplete for tools using custom
quotation models, and university adoption information is limited to publicly announced
implementations.

Data currency is a challenge in this rapidly evolving technological landscape, as features and
pricing models may change during the research period and new tools may enter the market. Feature
verification is limited by the inability to directly test all platforms, with reliance on provider
documentation for capability descriptions and limited ability to assess actual performance.

42



Adoption documentation faces challenges as universities may not publicly document all
implementations, success metrics may not be reported, and informal or pilot adoptions may remain
undocumented.
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4. Results
Drawing from the literature review, the following key features of Al assessment tools form the
foundation for evaluating market offerings:

1. Feedback-based learning
Personalized learning
Question/exam generation

Automatic grading

Proctoring systems
Learning path personalization

2

3

4

5. Oral exam preparation
6

7

8. Immersive assessment environments
9

Multimodal content delivery
10. Coding preparation and assessment

With a focus on their applicability to the German market and Campus Ready's strategic
positioning, the results of a thorough examination of Al-driven assessment solutions in higher
education are presented in the section that follows. Following a review of university adoption
trends, this report offers systematic insights into the German and worldwide landscapes for Al
assessment systems using these identified essential aspects as evaluation criteria.

In order to uncover important companies, market segmentation trends, and common business
methods, the report first maps the competitive landscape of Al evaluation solutions internationally.
A thorough feature-based comparison study that looks at how various providers carry out the
essential evaluation functions is then presented, emphasizing both unique strategies and industry
norms. After that, particular focus is placed on the German market environment, examining how
worldwide trends appear locally and suggesting products or modifications tailored to Germany.

4.1 Comparative Analysis of Al Assessment Solutions
A thorough list of Al tools found in the study that are pertinent to higher education is given in the
following table, along with a description of their salient features:

4.1.1 Global Market Landscape Analysis

Tool Based Target Website
Name | from | Pricing Main Feature Group Primary Purpose Link
Higher
Educations, https://w
Hurix Contact Content enterprises, ww.huri
Digital | India | Sales digitization publishers | Online monitoring, evaluation x.com/
Interactive Higher Hands-on platform for computing and https://w
coding Educations, | tech skills education, Al-powered coding | ww.codi
Codio | USA | $90/year | environment Students, tests 0.com/
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https://www.hurix.com/
https://www.hurix.com/
https://www.hurix.com/

Tool Based Target Website
Name | from | Pricing Main Feature Group Primary Purpose Link
k-12
Schools
https://w
Automates grading of written ww.grad
Grades Contact | Automated assignments, uses Al to read handwriting | escope.c
cope USA | Sales grading Institutions | and spot patterns, provides feedback om/
Institutions, https://w
Blackb Learning Students, LMS, Al-based assessment designing, ww.blac
oard Contact management corporation | assignments, surveys, and quizzes kboard.c
Learn | USA | Sales system S distributing, and overseeing tests, om/
https://w
MetaC | South | Contact corporation ww.meta
0G Korea | Sales Gamification S game based hiring processes cog.mn/
Educators, https://to
Top Cana Interactive Institutions, | Interactive teaching platform with phat.com
Hat da 53%/year | teaching Students assessments and engagement tools /
Higher uses features like a lockdown browser
Secure online | Educations, | and automatic proctoring—not https://re
Respo Contact | exam k-12 automated—to enable the safe delivery spondus.
ndus USA | Sales proctoring Schools of online exams. com/
Automated
online An artificial intelligence proctoring https://pr
Proctor Contact proctoring technology that ensures academic octorio.c
ia USA | Sales with Al Institutions | standards in online assessments om/
Higher
Educations, | Allows universities to use video-based https://w
Admissions Students, tests to evaluate applicants' personalities, | ww.kirat
Kira Cana | Contact | process k-12 critical thinking abilities, and alent.co
Talent | da Sales Assement Schools interpersonal skills. m/
Governmen
t, Higher
Learning Educations,
management Institutions, | Offers a consolidated platform for https://w
system, corporation | tracking student progress, managing ww.d2l.c
Cana | Contact Personalized s, k-12 tests, and managing the admissions om/en-
D2L da Sales Learning Schools process. us/
Assessment
Feedbacks,
Automated
grading, Exam
Generation, Institutions,
Secure online | Students, Provides a secure digital assessment https://ex
Exams Contact exam corporation | platform to measure learning outcomes amsoft.c
oft USA | Sales proctoring S and reduce academic dishonesty om/
Educators,
Students, https://w
ALEK Adaptive k-12 Adaptive learning and assessment in ww.aleks
S USA | Freetrial | Learning Schools mathematics and science .com/
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Tool Based Target Website
Name | from | Pricing Main Feature Group Primary Purpose Link
Assessment https://w
Feedbacks, WW.essa
Essay $12.99/u | Automated Educators, | Helps teachers grade essays quickly and | ygrader.a
Grader | USA | ser/mo grading Institutions | deliver high-quality feedback i/
Free for Higher
students, | Assessment Educations, https://w
for Feedbacks, corporation | Provides real-time assessment and WW.SOCrK
Socrati educators | Personalized s, k-12 instant insights into student learning ative.co
ve USA | $18 Learning Schools progress m/
Higher
Educations,
corporation https://w
Contact | Personalized s, k-12 Uses Al to create individualized learning | ww.cogn
Cognii | USA | Sales Learning Schools paths based on student needs ii.com/
Free for
teachers,
paid
plans for
schools/d
istricts corporation | Helps teachers create and deliver https://w
Quiziz (suggeste | Exam s, k-12 engaging learning experiences through ww.quizi
z India | d) 23 Generation Schools interactive quizzes and activities zz.com/
Creator, Converts docs, videos, and websites into | https://w
Course €25/m E | Content Learning coherent courses with robust grading and | ww.cour
box USA | UR digitization Designer feedback sebox.ai/
Content https://w
Magic Free and | digitization, WW.magi
School paid Interactive Institutions, | Al platform for educators and students cschool.a
Al USA | plans $28 | teaching Students with over 60 Al tools i/
Pricing
page Supercharges PowerPoint with https://cl
Classp | Singa | available interactive quizzes, gamification, and asspoint.
oint pore 29 Gamification Institutions | presentation tools io/
Learni Not Higher https://le
ngMat specified | Course Educations, | Offers Al assessment tools (Kadal) to arningma
e India | 30 development publishers | save time and improve feedback te.com/
Free & Al-powered tools to create quizzes, https://w
Doctri $10 Question exams, essays, summaries, study notes, ww.doctr
na Al USA | lifetime Generation Students and offer speech tutoring ina.ai/
Free and https://w
Brisk premium ww.brisk
Teachi plans for | Course Educators, | Al teaching assistant for grading, lesson | teaching.
ng USA | 64 development Institutions | planning, feedback, and more com/
Course
development, https://qu
Questi Free and | Question Helps educators create student-facing estionwe
onWell | USA | 65 Generation Educators materials quickly using Al Il.org/

46




Tool Based Target Website
Name | from | Pricing Main Feature Group Primary Purpose Link

Free plan Creator,

and Educators, https://w
HeyGe premium | Course corporation | Al-powered video platform to create ww.heyq
n USA | $69 development S videos without cameras or crews en.com/

Free plan

and Creator, https://sy
Synthe premium | Course Educators, | Al video creation platform to generate nthesia.i
sia UK $79 development Students videos from text using Al avatars o/

Higher https://cl

Class Educations, asscomp
Compa Free for | Assessment Educators, | Al tutoring, instant feedback, and anion.co
nion USA | teacher Feedbacks Students automated grading m/

Table 1: Global Market Analysis of Al Tools in Higher

4.1.2 Feature-Based Comparative Analysis

Learning Present |Oral
Feedback-Personali Proctorin (path Immersive Multimodal Course ation exam
based zed Question [Auto- |g p i Coding Develop Gamifi |A Preparat |prep
Tool Name ing |8 ion |grading i ation delivery p i ment LMS [cation |Process [Learning |ions tion
Hurix Digital |Yes No No No No No No No No Yes No |No No No No No
Codio Yes No No Yes No No No No Yes Yes No |No No Yes No No
Gradescope |No No No Yes No No No No No No No [No No No No No
Blackboard
Learn No No No No No No No No No Yes Yes |No No No No No
MetaCOG |No No No No No No Yes No No No No |Yes No No No No
Top Hat No Yes No No No No No No No Yes No  [No No No No No
Respondus |No No No No Yes No No No No No No |No No No No No
Proctoria  |No No No No Yes No No No No No No  |No No No No No
KiraTalent |No No No No No No No No No No No |No Yes No No No
D2L No Yes No No No No No No No Yes Yes [No No No No No
Examsoft No No Yes No Yes No No No No No No No No No No No
ALEKS No Yes No No Yes No No No No No No |No No No No No
EssayGrade
r No No No Yes No No No No No No No No No No No No
Socrative Yes Yes Yes No No Yes No No No No No No No No No No
Coghnii Yes Yes No No No No No No No Yes No |No No No No No
Quizizz No No Yes No No No No Yes No No No |Yes No No No No
Coursebox |No No Yes Yes No No No Yes No Yes Yes [No No Yes No No
Magic
SchoolAl |No No Yes No No No No No No Yes No  |No No Yes No No
Classpoint [No No Yes No No No No No No No No |Yes No Yes No No
LearningMa
te No No No No No No No No No Yes No [No No No No No
DoctrinaAl [No No Yes No No No No No No No No  [No No No No No
Brisk
Teaching |Yes No No No No No No No No Yes No  [No No No No No
QuestionW
ell No No Yes No No No No No No Yes No |No No No No No
HeyGen No No No No No No No No No Yes No |No No No No No
Synthesia |No No No No No No No No No Yes No |No No No No No
Class
Companion |Yes No Yes Yes No No No No No No No No No No No No

Table 2: Global Tools, Feature Comparative Analysis
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4.1.3 German Market Landscape Analysis

Main
Tool Name Pricing Feature Target Group | Primary Purpose Website Link
20 € per Corporations,
access per Adaptive Educators, Interactive math learning | https://de.better
Bettermarks school year Learning Institutions platform marks.com/
StudySmarter Personalized Al-driven study materials | https://www.stu
Al Not Specified | study plans | Students and learning tools dysmarter.de/ai/
Interactive
Learning, Practice exercises, Al
Video Tutor, 5 minutes with https://simplecl
Simpleclub 16 €/month tutorials Students explainer videos ub.com/
Interactive
Learning, Medical and
Subscription- | Video nursing Medical and nursing https://www.lec
Lecturio based tutorials students education platform turio.com/
Automated
test creation | Educational
Custom and institutions and | Online testing and https://www.yo
YouTestMe pricing proctoring corporations training platform utestme.com/
Learning
Custom and campus Al-powered educational https://www.fux
Fuxam pricing management | Institutions management system am.com/
Table 3: German Market Landscape Analysis
4.1.4 German Market Comparative Analysis
StudySmarter Simpl
Tool Name Bettermarks Al eclub | Lecturio YouTestMe | Fuxam
Feedback-based learning Yes Yes Yes Yes No No
Personalized learning Yes Yes No No No No
Question generation Yes Yes No Yes Yes Yes
Automatic grading Yes No No Yes Yes Yes
Proctoring solutions No No No No Yes No
Learning path
personalization No No Yes Yes No Yes
Immersive assessment
environments No No No No No No
Multimodal content
delivery No No Yes No No No
Coding preparation No No No No No No
Course Development No No No No No Yes
LMS No No No No Yes Yes
Gamification No No No No No No
Admission Process No No No No No No
Interactive Learning Yes Yes Yes Yes No No
Oral exam preparation No No No No No No
Presentation
Preparations No No No No No No
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Table 4: German Market Feature Specific Comparative Analysis

4.1 University Adoption Trends
4.2.1 Global University Adoption Analysis

. Al . L
University Region Tool(s) Purpose of Use Key Insights f!’om L|r_1k (if
Name Used Implementation available)
North Provide personalized Al can create dynamic and on- Walden
Walden America | Julian 24/7 tutoring, reinforce | demand learning experiences, Universit
University concepts, identify especially beneficial for adult SOIVETSILY
e learning gaps learners. News
L . Beyond providing
. S8 Uil i) administrative assistance, Al Georgia
Georgia North students, boost student
. chatbots may enhance State
State America Pounce | performance through academic performance and Universit
University (USA) proactive P . ~NIVETSITY
i student engagement. emphasis News
on authentic assessment.
Al chatbots enhance student
. . support services and improve
University | Europe Lola ﬁi}sl;is:izgu:tfgt:i \t’;l]gh communication efficiency; w
ofMucia | Spen anversty and programs | 0TS0 0 evrge A |
automated grading.
fpggc;/k;gglf gsog%léiii Inventive strategy that strikes a
A . g ' balance between the need to
University . .. | integrate Al as a I L IT News
Australia | Cogniti - preserve academic integrity via -
of Sydney common instrument for - . Australia
. safe in-person testing and the
education and ; .
. inclusion of Al.
evaluation

Table 5: Global University Adoption Analysis

4.2.2 German University Adoption Analysis

Research by (Svasta, 2018) shown that Al-based early warning systems have a lot to offer in
academic environments. Exam failure rates were cut in half at Deggendorf Institute of Technology
thanks to its effective implementation, which identified difficult students in a variety of courses.
This example shows how academic institutions may use Al programs that enhance retention
measures and provide honest student feedback.

Similarly, (X. Wang, 2023) A quiz system driven by Al shown encouraging results in raising
student participation. University users gave their individualized assessment tool favorable
feedback, with students saying they were more motivated to engage with the course topics. The
positive response shows that when students see the immediate learning advantages of Al
assessment tools, they are willing to adopt them. This trend is further supported by the German
initiative for Digital Education, Knowledge Exchange, and Interoperability (DEKI), which is a
national attempt to standardize the use of Al in higher education. A number of participating
universities have reported successful integrations of Al assessment tools that have increased
assessment efficiency and student engagement while creating interoperability standards for
educational technology.
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https://www.waldenu.edu/news-and-events/walden-news/2021/08-11-walden-university-creates-ai-powered-tutor-built-with-google-cloud
https://www.waldenu.edu/news-and-events/walden-news/2021/08-11-walden-university-creates-ai-powered-tutor-built-with-google-cloud
https://www.waldenu.edu/news-and-events/walden-news/2021/08-11-walden-university-creates-ai-powered-tutor-built-with-google-cloud
https://news.gsu.edu/2022/03/21/classroom-chatbot-improves-student-performance-study-says/
https://news.gsu.edu/2022/03/21/classroom-chatbot-improves-student-performance-study-says/
https://news.gsu.edu/2022/03/21/classroom-chatbot-improves-student-performance-study-says/
https://news.gsu.edu/2022/03/21/classroom-chatbot-improves-student-performance-study-says/
https://privacy.blog.fordham.edu/lola-university-ai-chatbot/
https://privacy.blog.fordham.edu/lola-university-ai-chatbot/
https://privacy.blog.fordham.edu/lola-university-ai-chatbot/
https://www.itnews.com.au/news/university-of-sydney-creates-own-genaicogniti-608334
https://www.itnews.com.au/news/university-of-sydney-creates-own-genaicogniti-608334

University Purpose Insights/ Outcome Al Tool/Project
Development of web
Supports individual applications employing data-
RWTH Aachen planning and reflection of | driven and rule-based Al
. . ; .| AlStudyBuddy
University study paths using modern | technology to assist students in
Al technologies. planning and analyzing their
study progress.
Develops a learnin Development of a platform that
Technische op 9 allows instructors to distribute
experience platform to
Hochschule Sh Al-enhanced content, such .
enhance digitalization of . Hochschulassistenzsystem
Ingolstadt (THI) L - automatically generated
university teaching, . . . HANS
and other - . exercises and subtitles, while
A incorporating Al for
Universities . an Al tutor offers students
content preparation. S T
individualized help.
Provides students with Implementation of a
personalized learning comprehensive system
Technische materials adapted to their utilizing Al-powered software
Hochschule knowledge level through to offer students individualized | HASKI
Aschaffenburg an Al-supported system, learning materials, enhancing
facilitating adaptive and their learning process and
self-directed learning. competency development.
Research and application of Al
Implements Al-based methods like chatbots and
FernUniversitat in feedback and assessment personalized feedback systems
with trusted learning across five German IMPACT
Hagen . . . . -
analytics to improve universities, providing text-
higher education. based, personalized feedback
to students.
De\_/elops alr e Creation of a scalable and
assistance system . . .
L . adaptive learning and teaching
L combining domain- .
LY @ f specific knowledge graphs | Prodram SU Rl e oy DeepWrite
Passau P g¢ grap synchronous and asynchronous PeeIte
with deep language C .
: . . teaching, initially focusing on
analysis to aid students in :
- X o - law and economics students.
improving writing skills.
Technical Chatbot-based support for
University of self-organization in Information not available. USQOS
Berlin studies.
Open-source learning and | Offers features like automatic
Technical research platform focusing | assessment, computer-based
University of on individual feedback to exams, and communication Artemis
Munich (TUM) support interactive and tools to enhance interactive
adaptive learning. learning experiences.
Al learning buddy that
IU International supports stud_ents _ Syntea |s_|ntegrated into over
. . individually in their 1,100 online courses, offering
University of Syntea

Applied Sciences

learning, providing
personalized assistance
around the clock.

immediate, personalized
responses to students

Table 6: German University Adoption Analysis
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https://aistudybuddy.uni-wuppertal.de/en/start-aistudybuddy/
https://www.thi.de/en/research/aimotion/researchaimotion/research-projects/hochschulassistenzsystem-hans/
https://www.thi.de/en/research/aimotion/researchaimotion/research-projects/hochschulassistenzsystem-hans/
https://www.th-ab.de/transfer/projekte/haski/
https://www.fernuni-hagen.de/english/research/clusters/catalpa/research/projects/impact.shtml
https://www.uni-passau.de/en/research/research-projects-and-special-funding/project-details/research_project/deepwrite
https://www.tu.berlin/en/qu/research/current-past-projects/laufende-projekte/usos-chatbot-based-support-for-self-organization-in-studies
https://www.edtech.tum.de/artemis/
https://www.iu.de/syntea/

5 Findings

With an emphasis on both worldwide and German market views, this part highlights the primary
findings that answer the research questions about the state of Al-driven assessment systems in
higher education today. The research identifies the strategic positioning opportunities for Campus
Ready.

5.1 Current Landscape of Al-Driven Assessment Solutions (RQ1)

5.1.1 Global Market Categories and Geographic Distribution

The global landscape of Al assessment tools in higher education demonstrates a diverse ecosystem
of solutions split into several functional domains. Automated feedback and grading systems
(represented by Gradescope, EssayGrader, Examsoft, and Class Companion) form a prominent
category, focusing on reducing instructor workload while providing timely assessment responses
to students. Interactive and personalized learning platforms (ALEKS, Cognii, Top Hat, Socrative)
represent another significant segment, emphasizing adaptive learning experiences. The market also
features specialized categories including online exam proctoring and security solutions (Proctoria,
Respondus, Examsoft), course content digitization tools (Hurix Digital, Magic School Al,
Coursebox), question and exam generation platforms (Doctrina Al, QuestionWell, Quizizz),
gamification and interactive presentation tools (Classpoint, MetaCOG), and admissions and
personality assessment solutions (Kira Talent).

Percentage of Al Assessment Companies by Country
60 |
50+
40t

30

Percentage (%)

20

10}

Country

Figure 2: Geographical Distribution of Al Assessment Companies

Geographic distribution analysis reveals a significant concentration of market leadership in
North America, with the United States dominating the global landscape by hosting
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approximately 65.4% of identified companies, as shown in Figure 2. Secondary development
hubs have emerged in India and Canada (each representing about 11.5% of the market),
primarily focusing on interactive learning and content digitization solutions. Limited presence is
observed from South Korea, Singapore, and the United Kingdom, each contributing niche
players that represent approximately 3.8% of the analyzed market. This geographic concentration
suggests potential opportunities for diversification in underrepresented markets, particularly in
Europe.

5.1.2 Pricing Models in the Global Market

The analysis of pricing models reveals several predominant approaches that characterize the
current market. Codio ($90/year), Top Hat ($53/year), EssayGrader ($12.99/month), Coursebox
($25/month), and Magic School Al ($28/month) are examples of subscription-based approaches
that are often used. Typically, these models are configured as monthly or annual subscriptions.
For educational clients, this approach provides expandable access, and for suppliers, it provides
consistent revenue streams.  Institutional pricing ("Contact Sales™) is another popular tactic,
particularly for enterprise-focused vendors like Hurix Digital, Gradescope, Blackboard, and
Examsoft. This approach often involves customized pricing based on institution size, feature
requirements, and implementation scope. It frequently targets organizational-level procurement
rather than individual users. The freemium business model, which provides basic functionality
for free while reserving premium features for paid tiers, has also been embraced by platforms such
as Socrative, Quizizz, Doctrina Al, Class Companion, and Brisk Teaching.

This pricing environment points to possible benefits for Campus Ready in putting a hybrid pricing
approach into practice. A freemium or fairly priced subscription-based approach that directly
targets instructors and students may help with initial acceptability and market penetration,
particularly in the cost-sensitive educational sector. Enterprise-scale deployments and
organizational procurement processes would be supported concurrently by developing an
institutional licensing model for larger agreements and partnerships with German institutions. This
two-pronged strategy will satisfy consumer demands while offering adaptability to various user
groups.

5.2 Feature Sets and Market Gaps (RQ2)

5.2.1 Global Feature Distribution

The feature-based comparative analysis reveals significant patterns in the current implementation
of Al assessment capabilities across the global market, as illustrated in Figure 3. Widely available
features include question generation functionality, which is highly prevalent (appearing in more
than 8 tools including Examsoft, Socrative, Quizizz, and others), highlighting strong market
interest in automating assessment creation processes. Automated grading capabilities and
feedback-based learning are also extensively adopted, demonstrating significant emphasis on
streamlining the assessment evaluation process through Al technologies.

Moderately common features include feedback-based learning, implemented in tools such as Hurix
Digital, Codio, Socrative, Cognii, Brisk Teaching, and Class Companion, indicating growing
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market attention toward real-time formative assessment. Personalized learning functionality is
selectively offered by platforms including Top Hat, D2L, ALEKS, Socrative, and Cognii,
representing an area with growth potential due to its limited but valuable presence in the current
market.

Presentation Preparation|
Oral exam preparation |
Immersive environments
Gamification |

Multimodal content

Interactive Learning |

Features

Proctoring solutions |
Personalized learning |
Feedback-based learning |
Auto grading |

Question generation [

0 2 4 6 8
Number of Tools

Figure 3: Global Feature Implementation Across Al Assessment Tools

The analysis also identifies specialized features with limited availability. Proctoring solutions are
specifically offered by Respondus, Proctoria, ALEKS, and Examsoft, highlighting the niche yet
crucial role of secure examination environments in online assessment. Immersive assessment
environments appear exclusively in MetaCOG, while gamification is supported by a small subset
of tools (MetaCOG, Quizizz, and Classpoint), indicating specialized approaches to engaging
assessment formats. Admission process support remains particularly niche, provided solely by
Kira Talent in the analyzed market.

Content and course development functionality demonstrates strong representation across the
market (Hurix Digital, Codio, Blackboard Learn, Top Hat, D2L, Cognii, Coursebox, Magic School
Al, LearningMate, Brisk Teaching, QuestionWell, HeyGen, Synthesia), suggesting high demand
for content digitization and streamlined course creation tools. In contrast, multimodal content
delivery is uniquely available with Quizizz and Coursebox, signifying a market gap that represents
a potential differentiation opportunity.

Notable market gaps identified through the analysis include learning path personalization,
presentation preparation, and oral exam preparation capabilities, which are highly underserved or
completely absent in the current market. Similarly, coding preparation is scarcely offered
(available only through Codio), yet represents a highly relevant capability for technology-driven

53



curricula. These gaps reveal distinct opportunities for differentiation and competitive advantage in
the Al assessment market.

5.2.2 German Market Feature Analysis

The German market analysis reveals distinctive patterns in Al assessment tool adoption and
implementation compared to the global landscape. The German market is dominated by interactive
learning and video lessons, which are widely offered by websites such as Simpleclub and Lecturio.
This indicates that there is a considerable need for interesting, visual-based teaching strategies.
Tools like Bettermarks, which focuses on adaptive mathematics learning, and StudySmarter Al,
which provides customized study plans, highlight adaptive and personalized learning, suggesting
an emphasis on individualized educational experiences within the German educational framework.

Platforms like StudySmarter Al (personalized learning), Simpleclub (Al tutor), and Fuxam (Al-
powered educational management) all prominently showcase Al integration, demonstrating the
market's evident interest in and uptake of Al-driven educational solutions. The target segments
primarily include students (StudySmarter Al, Simpleclub, Lecturio) and educational institutions
(Bettermarks, YouTestMe, Fuxam), with a discernible emphasis on vocational niches such as
medical and nursing education (Lecturio). There is potential for improvement in Germany's
institutional adoption of Al-based assessment technologies, since Bettermarks and YouTestMe
target companies and educational institutions particularly.

The German market's pricing strategies show a preference for standardized and subscription-based
pricing structures (Lecturio: subscription-based, Simpleclub: €16/month, Bettermarks: €20/year),
which provide educational purchasers clarity and make budgeting easier. Custom pricing models
(YouTestMe, Fuxam) are employed by providers focused on institutions and corporate clients,
suggesting flexibility to accommodate varied institutional needs and budgets.

Presentation Preparations|
Oral exam preparation|
Admission Process |
Coding preparation |
Gamification |

Immersive environments
Course Development |
Multimodal content |
Proctoring solutions |

LMS |

Features

Personalized learning |
Learning path personalization |
Interactive Learning |
Automatic grading f
Feedback-based learning |

Question generation |

0 1 2 3 4
Number of Tools

Figure 4: German Market Feature Availability Analysis
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Figure 4, which presents the German market comparative analysis of feature availability,
demonstrates the significant gaps in the current landscape. As shown in the figure, while question
generation, feedback-based learning, automatic grading, and interactive learning are well-
represented in German solutions, several critical features are entirely absent from the market,
including oral exam preparation, presentation preparations, admission process support, coding
preparation, gamification, and immersive assessment environments.

The feature analysis of German market offerings identifies strongly represented capabilities
including feedback-based learning and interactive learning (Bettermarks, StudySmarter Al,
Simpleclub, Lecturio), indicating significant emphasis on engagement and real-time learner
feedback. Question generation is also prominently available (Bettermarks, StudySmarter Al,
Lecturio, YouTestMe, Fuxam), highlighting substantial interest in automated assessment creation
tools. Moderately available features include automatic grading (Bettermarks, Lecturio,
YouTestMe, Fuxam) and personalized learning (Bettermarks, StudySmarter Al), suggesting
partial market maturity in these areas with room for further development.

Specialized and underrepresented features in the German market include proctoring solutions
(exclusively offered by YouTestMe), learning path personalization (available through Simpleclub,
Lecturio, Fuxam), and multimodal content delivery (limited to Simpleclub). These represent
emerging opportunities with limited current implementation. Notably absent features across all
analyzed German platforms include immersive assessment environments, coding preparation,
gamification, admission process support, oral exam preparation, and presentation preparation
capabilities. These significant gaps indicate substantial opportunities for new entrants like Campus
Ready to establish differentiated positions in the German market.

Comprehensive solution platforms in the German landscape include Fuxam and YouTestMe,
which demonstrate relatively broader feature sets (integrating capabilities like LMS functionality,
automatic grading, question generation, and, in YouTestMe's case, proctoring). These solutions
primarily target institutional users, indicating market readiness for integrated assessment systems
at the organizational level.

5.3 Strategic Market Positioning for Campus Ready (RQ3)

5.3.1 Underserved Market Segments and Needs

The comprehensive analysis of both global and German Al assessment markets reveals several
strategically significant underserved segments and needs. As clearly visible in both Figure 4 and
Figure 3, oral examination solutions represent a particularly notable gap, entirely absent in the
German market and minimally addressed globally. This aligns directly with Campus Ready's Al-
Powered Oral Exams MVP, offering a substantial differentiation opportunity. The absence of
immersive assessment environments in Germany, coupled with limited global availability (only
through MetaCOG as shown in Figure 3), represents another potential area for innovation. Coding
preparation and assessment capabilities, currently limited to specialized tools like Codio globally
and entirely absent in German offerings (Figure 4), present opportunities for addressing the
growing demand for technology education.
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The analysis also identifies multimodal content delivery as significantly underrepresented, with
limited implementation in both global (Quizizz, Coursebox) and German (Simpleclub) markets,
despite its relevance to diverse learning approaches and accessibility requirements. Presentation
preparation tools, completely absent in both markets, represent another unaddressed need despite
their relevance to higher education assessment contexts. These gaps align well with Campus
Ready's product vision and indicate promising positioning opportunities.

While many existing tools focus on individual aspects of assessment (creation, proctoring, or
feedback), few offer comprehensive ecosystems connecting the entire assessment lifecycle.
Campus Ready's four-part solution (exam generation, exam preparation, oral exam preparation and
presentation preparation) enables it to fill this integration gap in a unique way, especially in the
German market where the majority of products show more narrow emphasis areas.

5.3.2 University Adoption Insights

Important strategic insights for market entrance and positioning are revealed by analyzing
university adoption trends. Successful deployments throughout the world at establishments like
Georgia State University and Walden University show the worth of Al technologies that provide
proactive student assistance and individualized learning experiences. These examples demonstrate
that universities prioritize solutions that solve particular institutional difficulties related to student
engagement and retention, making integration with current university systems more than just a
technical need but a crucial adoption factor.

A particularly pertinent case study is Germany, where by 2023, almost 29% of educational
institutions will have incorporated Al technology(Germany Al in Education, 2024). Strong
institutional support for the use of educational technology is shown by the nation's significant
government investment via programs like the National Strategy for Artificial Intelligence (USD
3.3 billion through 2025) and the "DigitalPakt Schule” (USD 6 billion). However, the Federal
Data Protection Act (BDSG) and GDPR's strict legal framework impose particular criteria on Al
assessment solutions looking to access this market (Germany Al in Education, 2024).

In addition to supply-side analysis, studies on university adoption trends uncover institutional
preferences, implementation strategies, and reported results that provide important insights into
how prospective clients make decisions. The partnerships between worldwide technology
corporations and prominent German institutions, such as RWTH Aachen and the Technical
University of Munich, are particularly noteworthy as they provide prospective cooperation options
for Al assessment providers(Germany Al in Education, 2024).

Significant internal Al development work is evident in the adoption landscape of German
universities at establishments like RWTH Aachen, TH Ingolstadt, and TUM. The majority of
projects focus on personalized learning routes and student support. These operations consistently
prioritize data security compliance and interoperability with existing university systems, reflecting
the regulatory needs of the market. The implementation outcomes from these projects provide
compelling evidence for the value proposition of Al assessment tools, as evidenced by the
documented effects on student retention at Deggendorf Institute of Technology, increased student
engagement reported across multiple implementations, and improved assessment efficiency noted
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among participants in the DEKI initiative for Digital Education, Knowledge Exchange, and
Interoperability.

5.3.3 Optimal Positioning Strategy for Campus Ready

According to the comprehensive market analysis, Campus Ready's optimal positioning strategy
centers on several essential elements that capitalize on market gaps and satisfy the requirements
of German higher education. Feature differentiation is a crucial strategic strategy, and the Al-
Powered Oral Exams capability offers a significant competitive advantage, particularly in the
German market where it is nonexistent. The interconnectedness of Campus Ready's four MVPs
provides an extra differentiator as a comprehensive assessment environment in a market with more
specialized products.  Multimodal content delivery capabilities, which are unusual among
competitors in both international and German markets, provide further differentiation possibilities.

Given the demonstrated institutional preparedness for Al assessment solutions, market focus
considerations advise focusing first on the German higher education sector, taking advantage of
the gaps in local offers that have been found. A crucial adoption factor would be addressed by
positioning as a German-compliant solution created especially for local regulatory standards
(GDPR and BDSG), and highlighting compatibility with German university systems and
instructional techniques would increase market relevance.

In contrast to rivals' common "contact sales” method, the pricing model study recommends
creating a clear, tiered approach. While offering flexibility across various user categories, a dual-
stakeholder approach including both institutions and individual users (students and instructors)
would be consistent with observed market behaviors. Institutional decision-makers concerned
with effectiveness and educational quality would respond favorably to price messages that
highlight value-based measures like time savings and better results.

Another strategic factor to think about is partnership prospects, including possible cooperation
with German institutions that are already working on Al projects (such RWTH Aachen, TH
Ingolstadt, and TUM). By meeting the expressed demand for interoperable solutions, integration
with existing learning management systems would increase the likelihood of adoption. Given the
significant governmental investment in educational technology via projects like "DigitalPakt
Schule” and the National Strategy for Artificial Intelligence, using government programs that
promote Al in education might lead to more funding or sponsorship possibilities.

By addressing the unique needs and features of the German higher education setting and matching
Campus Ready's competencies with identified market gaps, this strategic positioning method
offers a viable route to market entrance and competitive differentiation.

5.4 Limitations and Future Research

Although there are a number of methodological and temporal restrictions to be aware of, this
research offers a thorough examination of Al-driven evaluation solutions in higher education. The
competitive landscape analysis primarily identified tools through systematic Google search results,
complemented by features cataloged via literature review. This methodology, while structured,
inherently means some existing tools may have been overlooked if they did not appear prominently
in search results or academic literature. However, the primary aim was not to exhaustively
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document every available solution, but rather to understand the German and global market
landscape sufficiently to identify meaningful differentiation opportunities for Campus Ready.

Additionally, the rapid evolution of Al technologies presents a significant temporal limitation. This
study represents a snapshot of market capabilities as of March 20, 2025, and the assessment
technology landscape will continue to evolve as new Al models are released and existing tools are
enhanced with improved capabilities and new tools can emerge, but feature-specific study helps
to identify what the market wants. The competitive analysis and strategic recommendations should
therefore be understood within this temporal context, with the expectation that ongoing monitoring
will be necessary to maintain strategic relevance as the market develops.

5.5 Practical Implications
Despite the noted limitations, this study offers valuable practical insights for educational
technology providers, particularly project like Campus Ready.

The feature analysis reveals that while basic assessment capabilities have become commaoditized,
differentiation opportunities exist in adaptive assessment pathways, discipline-specific models,
LMS integration, and privacy-compliant proctoring systems.

University adoption patterns in Germany show a preference for gradual implementation, strong
data protection requirements, faculty-driven decision processes, and discipline-specific
customization options. Successful implementation and acceptance need efficient cooperation
amongst many stakeholders, including administrators, IT departments, instructors, and students.

These findings provide Campus Ready practical advice on how to stand out from the competition
and satisfy institution adoption preferences in the Al assessment market.
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6 Conclusion

To find strategic positioning possibilities for Campus Ready, this study examined the landscape
of Al-driven assessment systems in higher education, paying special attention to global and
German market perspectives. The study's thorough feature analysis and research of institution
adoption trends have yielded insightful information that will help direct Campus Ready's market
entrance strategy.

There is little participation from Europe in the worldwide Al evaluation industry, which is
dominated by North American businesses (65.4% from the USA). The most prevalent categories
include automated grading tools, interactive learning platforms, exam proctoring solutions, and
content digitization systems. Pricing models vary from subscription-based approaches (typically
€15-30/month or €50-90/year) to institutional "contact sales" models and freemium offerings. The
German market features fewer specialized assessment tools, with existing solutions primarily
focusing on interactive learning and adaptive content (Bettermarks, StudySmarter Al, Simpleclub)
rather than comprehensive assessment functionality.

Question generation functionality is the most widely implemented feature globally, followed by
feedback-based learning, automated grading, and personalized learning. In contrast, Figure 3
demonstrates that oral exam preparation and presentation preparation capabilities are entirely
absent from global offerings, while immersive assessment environments are minimally
represented. The German market exhibits even more pronounced gaps, as shown in Figure 4, with
complete absence of oral exam preparation, coding assessment, immersive environments, and
gamification.

The analysis reveals that Campus Ready's four-part solution addresses significant market gaps,
particularly in the German higher education sector. The Al-Powered Oral Exams and Presentation
Preparation represents a unique differentiation opportunity, as this capability is entirely absent in
the German market as well as global market despite. Additionally, Campus Ready's integrated
approach connecting the entire assessment lifecycle (creation, preparation, execution, and
evaluation) offers a comprehensive solution in a market characterized by fragmented, specialized
tools.

This research also highlights a notable disconnect between academic literature and market
implementation. While the literature review identified robust evidence supporting numerous Al
assessment capabilities, the market analysis demonstrates uneven adoption of these research-
backed features. For instance, features like immersive assessment environments (documented by
Paszkiewicz et al., 2021 and Martins, 2017), and multimodal content delivery (advocated by
Jackson, 2014) have strong empirical support but limited or nonexistent market presence in
Germany. This gap between research-supported best practices and actual market offerings
represents not only a business opportunity for Campus Ready but also a chance to advance
evidence-based assessment practices in higher education.
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6.1 Recommendations for Campus Ready
The following strategic suggestions are put out in light of these results:

1.

Lead with Oral Examination Platform and Presentation Preparation Platform as primary
market differentiator, establishing first-mover advantage in a capability entirely absent
from current German and Global offerings yet supported by research evidence.

Position as an Integrated Assessment Ecosystem rather than a single-feature tool,
emphasizing the interconnected four-part solution that addresses the entire assessment
lifecycle.

Target Technology-Forward German Universities initially, focusing on institutions already
engaged in Al initiatives (RWTH Aachen, TH Ingolstadt, TUM) and departments with
strong oral examination traditions (law, medicine, languages).

Implement Hybrid Pricing Strategy combining:

o Student-focused subscription pricing (€15-20/month) comparable to Simpleclub
(€16/month)

o Free educator access during pilots with modest subscription options (€20-
30/month)

o Institutional licensing for larger university-wide adoption

Emphasize GDPR Compliance to address the regulatory requirements identified as priority
concerns in German university adoption patterns.

Develop Integration Capabilities with existing university learning management systems to
overcome implementation barriers.

Strategically, Campus Ready should establish targeted partnerships with German higher
education institutions and government-supported initiatives like DigitalPakt Schule to
leverage local market.

The substantial gap between research-supported assessment capabilities and current market
offerings presents a strategic opportunity for Campus Ready. In order to meet the unique demands
and legal requirements of German higher education institutions, evidence-based elements that are
now lacking from the German market will be included, Campus Ready can establish a distinctive
market position and capitalize on the documented institutional readiness for Al assessment
solutions in Germany.
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Appendix 1: Declaration on the use of GenAl tools
In the preparation of this master thesis, | have used following tools based on generative artificial

intelligence (GenAl):

1. ChatGPT
2. Claude
3. Quill Bot

4. Gemini Deep search

| further declare that

- I have verified that the content generated by the above-mentioned GenAl tools and adapted by
me is factually correct,

- | am aware that, as the author of this work, I am responsible for the information and the
statements made in it, and
-l 'am aware that violating the disclosure of the use of generative Al in my work is a deception
and leads to an evaluation with an insufficient grade.

| have used the above-mentioned Al systems as indicated below.

Description of the manner of use and
compliance with good scientific practice (if

Al tool(s) applicable, please indicate the section of the

Avreas of contribution | used paper)

Development and Gemini Deep | To identify Al tools available in the market.

conception of the search

research project

Identification of

literature

Synthesizing of

literature

Structuring the text Claude I have used a Claude and ChatGPT, and Quill
ChatGPT Bot to improve the readability of the paper, and
Quill Bot for grammar correction.

Formulation of text

Revision of text 2

Creation of
visualizations

Further contributions
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