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SUMMARY

Despite the importance of scientific writing for engineering students, the technical discourse poses a
significant challenge for learners. The promise of Automated Essay Evaluation (AEE) Systems to provide
timely and reliable feedback has enabled greater development of writing instruction through expedited
and automated support. This paper examines the development of AEE systems designed specifically for
scientific writing in the context of engineering education. We review existing research that applies
Natural Language Processing (NLP), machine learning, and even rule-based linguistics to evaluate
structural coherence, domain vocabulary, and argumentative discourse. Additionally, we evaluate the
pedagogical advantages and drawbacks of AEE concerning fostering self-regulated learning, instructor
support, and assessment rigor. Results from pilot case studies and experiments illustrate increased
student-writing performance and engagement with the task. This research emphasizes the need for
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domain-specific adaptation of AEE systems and algorithmic transparency, automated ethics, and
machine-logic debates, challenging the predisposed notions of the use of AEE in engineering writing
instruction.

Key words: automated essay evaluation (aee), scientific writing, engineering education, natural
language processing (nlp), writing assessment, machine learning, technical communication, feedback
systems, academic writing, educational technology.

INTRODUCTION

Automated Essay Evaluation Systems (AEE) are computer applications that focus on Natural Language
Processing (NLP), Machine Learning (ML), and linguistic algorithms to assess essays and provide
feedback [18]. The AEE systems aim to provide unbiased, prompt, and scalable evaluations of the essays
which consider a wide range of features like grammar, vocabulary relevance, coherence, organization,
and information content relevance [1]. To aid in educational settings, AEE systems attempt to emulate
the scoring mechanisms of humans to enhance instructional assessment.

In the realm of engineering education, scientific writing is of utmost significance. In the case of broad
engineering disciplines, students must proficiently elaborate on sophisticated topics within technical
reports, research papers, documentation projects, and other professional communications. Acquisition
of skills related to scientific writing not only assists the students in academics but also prepares them for
career roles in industry or academia. However, their technical writing poses challenges due to the
inadequately structured ideas concerning appropriate nomenclature which is terse, conventionalized and
thus adheres to various regimens of technical workmanship [13]. Conventional approaches to teaching
and evaluating writing that rely on extensive feedback from instructors tend to have limitations related
to time and objectivity, especially in larger class settings.
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Figure 1. Natural language processing

Figure 1 describes the concept of Natural Language Processing (NLP) which is a branch of artificial
intelligence (Al) and computational linguistics dealing with the manner in which computers interact
with natural languages. Its main aim is to enable machines read, understand, interpret and generate
human language in a meaningful and contextually correct way. NLP covers several tasks like text
classification, sentiment analysis, machine translation, named entity recognition, syntactic parsing and
semantic understanding among others. In educational environments more so in Automated Essay
Evaluation (AEE) systems, NLP has been used in analysing student writing beyond grammatical errors
and spelling. For instance nowadays modern NLP techniques use machine learning as well as deep
learning algorithms to evaluate essay coherence, relevance, argument structure and content quality [2].
Through tokenization, lemmatization, part-of-speech tagging and using vector based language models
such as word2vec, Glove, BERT, GPT etc, NLP allows systems to identify semantic relationships
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between words occurring within students’ writings. This enhances accurate scoring plus feedback
generation that makes machine evaluations closer to human judgment. Therefore, NLEPs are
instrumental in assessing technical reports project documentation as well as scientific explanations
amidst the difficulty of domain specific language and highly structured writing. The changes in NLP
technologies are result oriented in terms of personalized learning, formative assessment and the
improvement of writing skills in various educational sectors.

Emerging technologies in AEE systems appear to address these issues effectively. Investigations have
looked into the application of AEE technologies towards helping engineering learners enhance their
writing skills by providing automated formative feedback and summative assessment [3],[14]. While
AEE systems that focus on general tasks, such as e-rater and IntelliMetric, have received considerable
attention, there is an increasing demand for specific tools that handle scientific and technical writing in
a more context-sensitive manner. Tailoring the AEE systems to specific language and rhetorical patterns
of a discipline has been shown to improve system accuracy and the learning outcomes of students
significantly [5]. Even with all these advancements, the use of AEE tools in engineering education is
still an emerging area of research that seeks to refine the quality, clarity, usefulness, and educational
alignment of the provided feedback.
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Figure 2. Machine learning

In Figure 2, it can be noted that machine learning (ML) is a subset of artificial intelligence which allows
for a computer system to learn from data, improving systematically over time on a given task without
the need of being programmed [6]. Essentially, ML algorithms detect patterns and make predictions or
decisions based on input data. There is three main types of machine learning: supervised learning, where
an algorithm is trained on data that is already labelled; unsupervised learning, which deals with
unlabelled data and seeks to discover hidden patterns; and reinforcement learning, where learners
discover the best possible actions to take through trial and error within an environment [10]. As far as
the technologies we are considering here, and particularly in the case of Automated Essay Evaluation
(AEE), ML models are trained using large corpora of human-scored essays to learn how to accurately
assess new essays. These models apply numerous methods, including scoring essays using algorithms
that analyse grammar, vocabulary, coherence, and argumentation, to produce scores comparable to
human evaluators. More advanced ML methods, particularly those involving deep learning and natural
language processing (NLP), significantly improved AEE system’s abilities to capture or understand the
semantic meaning, the context, and the quality of writing.

Thus, AEE systems that are powered by machine learning are being integrated into engineering
education for automated assistance in marking examinations and supporting students with timely
feedback to help improve their writing and communication skills in technical subjects.

The objective of this study is to describe AEE systems in the context of scientific writing for engineering
students. It analyses the technology foundations of these systems, evaluates their impact in education,
discusses the obstacles and prospects in engineering education curriculum design, and integrates these
systems into teaching practices.
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THEORETICAL FRAMEWORK

The foundations of Automated Essay Evaluation (AEE) systems are rooted in research on computational
linguistics, natural language processing (NLP), machine learning (ML), and educational measurement
[19]. In AEE systems, scoring is simulated by automating algorithms that extract and process linguistic,
syntactic, and semantic features of text. These systems are largely based on two approaches: statistical
machine learning models like the e-rater developed by ETS which relies on scoring patterns within
extensive annotated datasets, and rule-based models which operate on pre-set linguistic and rhetorical
rules [8], [15]. Such systems take into account theories about writing, genre theory and discourse
analysis, as well as constructivist learning theory, all of which examine the role of structure, aim, and
context in writing [7].

AEE systems in scientific writing context () offer both formative and summative feedback, assisting
learners at surface level (grammar, spelling, and syntax) and higher level issues (coherence,
argumentation, and domain-specific lexicon) [20]. By providing instantaneous feedback, these systems
foster self-regulated learning, enabling learners to revise their work multiple times, which corresponds
to Vygotsky’s Zone of Proximal Development (ZPD) where optimal learning occurs with scaffolding
support [16]. With regards to engineering students, who tend to have difficulties articulating complex
technical concepts, AEE systems aid with structured feedback on clarity, logical progression, and
scientific vocabulary [9].

Implementing AEE systems within engineering education has notable pedagogical advantages [4]. For
example, writing practices are graded less, which frees up instructor time, while students have better
access to objective and timely feedback [17]. Moreover, AEE tools may help in the development of
uniform assessment criteria and provide insight into students’ performance data over time. Despite the
benefits, AEE systems encounter significant difficulties. One major challenge is the very limited ability
to assess creatively, nuanced argumentation, and the contextual relevance of scientific content [21].
Additionally, automated feedback devoid of human intervention can result in superficial changes rather
than meaningful learning, Deep learning may not occur when receiving automated feedback. Meeting
the engineering discipline’s specific criteria for AEE tools can present further challenges for general
AEE systems [12].

In summary, AEE systems can revolutionize the teaching of scientific writing in engineering education,
but such transformation hinges on adapting pedagogical frameworks, refining evaluative systems, and
strategically balancing automated and manual feedback mechanisms [11].

METHODOLOGY

This investigation utilized the SLR methodology to assess the treatment and pedagogical impact of
Automated Essay Evaluation (AEE) systems in relation to engineering education. The selection of an
SLR was aimed at offering a summary that synthesized actual research which was in existence as AEE
systems encompasses a wide range of technologies used in assigning essays and auto grading students
with different techniques based on their education systems and settings. The design of the study was
intended to comprehensively retrieve, analyse and evaluate published literature on the application of
AEE technology in engineering education with regard to its impact on the level of educational
assessment, teaching and student writing performance. In order to guarantee that the review could be
repeated and was unbiased, the procedure complied with PRISMA guidelines for systematic reviews
that outline unusual practices for harsh evaluation of each aspect of the investigation. The time span of
literature was confined to focus on publications from 2013 and 2024 as there was increased development
in the fields of Artificial Intelligence (AI), Natural Language Processing (NLP), and educational
technology AEE systems were increasingly emerging during this period as useful instruments for writing
assessment in STEM fields.

The selection criteria was undertaken in a step-by-step method that included identification, screening,
eligibility evaluation, and final inclusion. Studies were obtained through thorough searches of various
intermingling academic databases, such as IEEE Xplore, Scopus, Web of Science, ERIC, SpringerLink,
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and Google Scholar. A series of keywords were combined with Boolean operators and more search
phrases to ensure relevance and precision, including, “automated essay evaluation,” “engineering
education,” Al based writing assessment,” and “machine learning for essay grading,” in addition to
“automated scoring systems in technical writing.” The criteria for inclusion were tight to retain a
predetermined level of academic rigor and relevance. The focus was limited to addressing the application
of AEE systems for teaching automation in undergraduate and graduate engineering courses. Also, there
was a requirement to document empirical data irrespective of the methodology used, provided it pertains
to the system, instruction, or student evaluation outcomes, whether described in terms of system
performance, instruction, or student evaluation. Furthermore, the studies had to be conducted in English
and published in reliable peer reviewed journals, conference proceedings or institutional repositories.
The exclusion criteria eliminated articles from outside the field of engineering, lacking methodological
rigor, or discussing broadly automated grading without focusing on essay type writing tasks.

GRADE FEEDBACK TO IMPROVE
TRAINING OUTPUT
DATA ESSAY
ST NI FEED];I:(?I?(;IS(Ff)IsIDER
TRAINING
e  Grammar o Style
o Usage e Discourse analysis
e  Mechanics e Ideas
e  Organisations e  Plagiarism
e Lexical complexity

«—

Figure 3. Common framework for AEE system

Automated Essays Evaluation (AEE) systems are examples of feedback-focused essay evaluation
solutions spanning an entire processing pipeline from a modular, holistic perspective. Systems of this
type are generally organized around four core activities: preprocessing, feature extraction, scoring model
application, and feedback generation. The subprocess within the pre-processing phase entails cleaning
the input essay into a more usable format through tasks such as tokenization, stop-word removal,
lemmatization, and part-of-speech tagging. This task is referred to as feature extraction, and it entails
finding relevant linguistic, syntactic, and semantic descriptors associated with the student's essay. More
specifically, this can comprise surface level features (word count, sentence length), lexical diversity, and
grammar, coherence and cohesion, domain-specific vocabulary (as shown in figure 3), and even essay
specific parameters. Some more sophisticated systems perform feature extraction with the aid of NLP
models such as BERT or GPT, which provide deeper contextual understanding via vectorized
representations. During the scoring phase, the retrieved features are input into a trained ML model
(regression model, SVM, or neural network) which has been trained on a dataset of human-scored
essays. This process often results in aligned categorical or numerical scores to the essay’s quality in
accordance with a rubric. The final phase is feedback generation, during which formative comments
concerning a writing sample’s strengths and weaknesses are provided.

Certain systems aim at automating the process of suggesting corrections for grammar, coherence, and
content issues. This approach makes it possible for AEE systems automated essay evaluation systems to
be scalable, uniform, and to work with both summative assessment and formative instruction in teaching
— in engineering education, for example, where clarity and precision in technical writing is crucial.

Once a final selection of relevant studies was found, a twofold form of analysis was performed in order
to fully integrate the findings. Quantitative data was obtained to assess the technical aspects of system
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performance such as scoring, accuracy, alignment with human raters, inter-rater reliability, precision and
recall, and kappa coefficients. These metrics were evaluated in order to approximate the level of human
mimicry performed by AEE systems in complex engineering writing assignments, which often involve
domain knowledge and logic, along with the intricate reasoning and coherence expected at the graduate
level. Concurrently, a qualitative content analysis was performed focusing on user experience and
instructional elements, usability of the system, and their educational significance. Reports on student
perceptions regarding feedback quality, system responsiveness to different writing styles, and instructor
perceptions regarding the role of AEE in formative assessment were coded and thematically analysed.
Special emphasis was placed on the difficulties dealing with the interpretation of technical language,
counterargument assessment, and providing arguments which foster conceptual understanding while
maintaining linguistic precision.

The merging of quantitative and qualitative data provided a deeper insight into the strengths and
limitations of Automated Essay Evaluation AEE systems in engineering education. This analysis not
only described the tangible efficacy and productivity of such systems, but also revealed the more subtle,
sociological sides of assessment that writing AEE tools are not yet capable of addressing. This approach
helped in formulating well-grounded, critically informed conclusions on the actual usefulness,
incapacities, and emerging possibilities of AEE technologies in aiding engineering learners’ academic
writing and educators’ assessment systems.

FINDINGS

The systematic review of the literature revealed several key findings regarding the use and effectiveness
of Automated Essay Evaluation (AEE) systems in the engineering field education. In general, the studies
suggested that AEE systems have received more attention as aids for the evaluation of technical writing,
formative assessment, and essay enhancement in pedagogical settings. One of the key findings was that
AEE systems, when properly implemented, are effective in alleviating instructors’ grading burden
without major discrepancies in scores compared to human raters. Moreover, several studies highlighted
the usefulness of AEE tools in large class scenarios where individualized feedback is otherwise not
possible within the time constraints. Yet, some studies observed that AEE systems often performed
poorly with feedback, and domain-specific terminology as well as complex logical constructs and non-
standard engineering report formats posed problems.

Differences in the performance, flexibility, and even teaching efficiency of various AEE systems used
in engineering education was striking after conducting a comparative analysis. As an instance, rule-
based systems like PEG (Project Essay Grade) are capable of evaluating a student’s essay based on
superficial grammar checks. However, they are unable to assess if the student’s answer flows logically
or whether there are reasonable arguments given from a technical standpoint. On the other hand, systems
based on statistics and machine learning, such as e-rater® and Intelli Metric, proved to be more accurate
in their compliance with human evaluators along with offering detailed comments. The latest Al models,
particularly those employing deep learning and natural language processing (NLP), performed
exceedingly well at understanding the context, assessing precision, and tailoring to different technical
writing styles. The greatest drawback stemmed from the training, which had limited diversity for
engineering specific content. Moreover, some systems were able to provide suggestions for interactive
feedback and revisions which did foster higher levels of student engagement as well as enhancing
longitudinal writing outcomes, while others remained unchanged during the entire feedback process.

The results are useful in the context of engineering education focused on scientific and technical writing.
An example of an AEE system value is how it allows for self-paced independent learning and revision
skills by providing immediate feedback. Instructors are now able to spend their time mentoring learners
on other more sophisticated issues instead of routine error correction that deals with clarity and
innovation on higher-level functions dealing with self-verbalization. The review does emphasize,
however, certain limitations, like the need for human assessment, since machine systems lack the ability
to interpret imagination, reasoning that justifies design, and the synthesis of advanced engineering
design concepts. To that end, it is possible to assert that formative assessment with AEE can be efficiently
administered, but careful integration is needed to ensure students know the bounds of feedback. Control
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over grade-related decisions enables educators. It is observed that the use of AEE in engineering
education relies on the use of technology concerning AEE accuracy, which is only one part of the training
framework that is pedagogically structured as guidance for developing scientific writing skills central to
the engineering profession.

ENLTK mword2vec mGloVe mTextembedding

Figure 4. Systematic literature view of an automated essay evaluation system

The Automated Essay Evaluation systems (AEE) in engineering education context were organized and
analysed systematically. The process is represented in the figure that follows the PRISMA methodology
assessing AEE Essay Assessors by breaking them down into tools, criteria, and thematic areas of focus
for identification, screening, eligibility, and inclusion phases of systematized literature review (SLR)
engineering education review.

Focusing on the engineering education field, the figure illustrates the steps involved in performing a
Systematic Literature Review (SLR) on AEE systems, capturing the distinct stages as aligned with the
PRISMA framework.

CONCLUSION

This review has noted the increasing relevance and use of Automated Essay Evaluation (AEE) systems
in engineering education, specifically pertaining to the evaluation of scientific and technical writing.
The central conclusions of the review noted that AEE systems have merits with regard to their efficiency
and effectiveness, reliability, and the speed with which they provide feedback, especially in large
classrooms or online settings. These systems may facilitate the development of students’ writing skills
through multiple revisions while decreasing the grading workload for instructors. The findings also,
however, highlight the fact that the efficacy of the AEE tools is dependent on the system’s technology,
its content knowledge processing ability, and its integration into the teaching framework. While systems
utilizing machine learning and NLP have demonstrated greater flexibility and accuracy than rule-based
systems, challenges remain with evaluating the engineering writing on the conceptual level, creativity,
and technically sound reasoning.

Based on these findings, there are suggestions to address other areas of research. Primarily, there is a
need in engineering AEE systems design and their subsequent assessments to consider the specialized
language and unique features of engineering discourse. Later research should focus on how these
instruments can adapt to elaborate formats like lab reports, design rationales, and project files. This study
also needs to analyse the consequences of AEE-assisted instruction on enduring outcomes of writing
skill, student attention, and independent thinking within engineering disciplines. In addition, some
actionable recommendations may arise from comparative research assessing the use of AEE tools in
blended versus project-based learning environments. Cross-cultural research may also be useful in
looking at the relative effectiveness of AEE systems in different educational contexts and with different
groups of students.
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To summarize, although AEE systems are not ready to replace human evaluators, they offer remarkable
possibilities as adjuncts in the instructional processes relating to scientific writing at the engineering
education level. If well integrated, these systems can enhance learner independence, reduce the workload
involved in evaluation, and serve as a single mechanism for sharpened attention to writing at different
levels of the engineering curriculum. With continuing technological development, its educational use
will hinge on the partnerships of teachers, builders, and scholars to make certain that AEE instruments
are educationally sound and technically solid.
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