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Text-based open-ended questions in academic formative and summative assessments help students become deep
learners and prepare them to understand concepts for a subsequent conceptual assessment. However, grading
text-based questions, especially in large (>50 enrolled students) courses, is tedious and time-consuming for
instructors. Text processing models continue progressing with the rapid development of Artificial Intelligence
(AI) tools and Natural Language Processing (NLP) algorithms. Especially after breakthroughs in Large Language
Models (LLM), there is immense potential to automate rapid assessment and feedback of text-based responses in
education. This systematic review adopts a scientific and reproducible literature search strategy based on the
PRISMA process using explicit inclusion and exclusion criteria to study text-based automatic assessment systems
in post-secondary education, screening 838 papers and synthesizing 93 studies. To understand how text-based
automatic assessment systems have been developed and applied in education in recent years, three research
questions are considered: 1) What types of automated assessment systems can be identified using input, output,
and processing framework? 2) What are the educational focus and research motivations of studies with auto-
mated assessment systems? 3) What are the reported research outcomes in automated assessment systems and
the next steps for educational applications? All included studies are summarized and categorized according to a
proposed comprehensive framework, including the input and output of the system, research motivation, and
research outcomes, aiming to answer the research questions accordingly. Additionally, the typical studies of
automated assessment systems, research methods, and application domains in these studies are investigated and
summarized. This systematic review provides an overview of recent educational applications of text-based
assessment systems for understanding the latest AI/NLP developments assisting in text-based assessments in
higher education. Findings will particularly benefit researchers and educators incorporating LLMs such as
ChatGPT into their educational activities.

1. Introduction as a subbranch of Al continues to make rapid progress in text processing,
especially with the emergence of large-scale preprocessing techniques

Artificial Intelligence in Education (AIEd) is an emerging field in such as transformer-based models of self-attention for NLP. With the

educational technology with the potential to assist in large-scale
teaching environments and give real-time feedback to students for
personalized education. Although Artificial Intelligence (AI) has been
incorporated into applications for more than 30 years, there is a
continuing need for research to assist large-scale teaching and intelligent
assistance (Zawacki-Richter, 2019). Natural Language Processing (NLP)
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recent emergence of large language models (LLM) with powerful capa-
bilities such as ChatGPT, there is a promising future for these applica-
tions in education (Kasneci et al., 2023). The technical foundation of
automatic assessment systems has strengthened, along with an
increasing number of related studies with excellent prospects for AIEd.
With significant developments in AIEd, these applications can be
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classified into four aspects (Zawacki-Richter, 2019): 1) Decision making
tools, which help in profiling and prediction for admissions decisions
and course scheduling, drop-out and retention, student models, and
academic achievement (Alvero et al., 2020; Chen, Chen, & Lin, 2020;
Langley, 2019); 2) Intelligent tutoring systems, which are designed for
teaching course content, interacting with students, curating learning
materials, facilitating collaboration, and supporting the teacher’s
perspective (Feng & Law, 2021; Hwang, Xie, Wah, & Gasevic, 2020); 3)
Adaptive systems which provide scaffolding and content personaliza-
tion, support teachers to understand students’ learning, use academic
data to monitor and guide students, and represent knowledge in concept
maps (Chen & Bai, 2010; Kabudi, Pappas, & Olsen, 2021); and 4)
Assessment and evaluation tools, designed for automated grading,
feedback, evaluation of student understanding, engagement and aca-
demic integrity, and teaching evaluation (Huang, Lu, & Yang, 2023;
Luckin, 2017). These topic areas represent significant developments in
AIEd.

Among these four aspects, assessment and evaluation tools directly
relate to students’ learning and outcomes. These tools are vital for stu-
dents’ conceptual understanding, and critical to providing timely feed-
back and improving student learning outcomes (Gikandi, Morrow, &
Davis, 2011). In higher education, meaningful formative and summative
assessment are essential to active learning. Carefully-designed assess-
ment engages students in thinking, problem-solving, and metacognition.
Such assessment helps students connect learning activities with con-
ceptual understanding (Roselli & Brophy, 2006). Metacognition allows
students to appraise their knowledge of skills and applications and to
regulate their cognition through planning, monitoring, error detection,
and self-evaluation (Tarricone, 2011). Metacognition and conceptual
improvement are equally crucial for teachers’ intentionality when
reflecting on instructional practices and motivations (Gunstone &
Northfield, 1994). Assessment provides teachers with real-time infor-
mation about what students have learned and what remains unclear
(Shepard, 2005). However, the core task of evaluating student work in
quizzes and homework is either delegated to teaching assistants or
converted into multiple-choice questions without feedback. Evaluating
learning outcomes in a more open-ended format and providing timely
feedback is challenging. High-quality assessment gauges both the
teachers’ intent in evaluating learning outcomes and the students’ intent
in providing answers to questions (Diefes-Dux et al., 2012). In complex
learning contexts, such as engineering design, instructors may assess
procedural competence or high-level conceptual understanding (Car-
della & Tolbert, 2014). For instruction and assessment to be both scal-
able and personalized, automated grading must effectively incorporate
both human and machine input to meet the needs of a learning context
(Geigle, Zhai, & Ferguson, 2016). Assessment and evaluation can be
improved through Al applications to potentially empower learners with
agency, collaboration, and personalization (Ouyang & Jiao, 2021).

Over the last two decades, automated scoring has been widely
developed and used in content domains such as mathematics, science,
and language testing (Liu et al., 2014), resulting in many papers.
However, these papers have focused on automated scoring of
multiple-choice questions rather than open-ended responses. Compared
to multiple-choice questions, text-based open-ended questions are
tedious and time-consuming for instructors to grade and do not lend
themselves readily to automation, especially in ill-defined tasks
requiring higher-level thinking (Wang & Brown, 2008). As a result, most
automated learning management systems have focused on
multiple-choice questions, with even narrower applications for science,
technology, engineering, and mathematics (STEM) disciplines where
most automated systems can only verify numerical answers. This is
highly detrimental to instructors’ mission of evaluating students on the
synthesis and application of concepts and representational competence
rather than on whether they obtained the correct answer (Kohl & Fin-
kelstein, 2005). To address the need to assess students’ higher-level
reasoning and competence, automated assessment systems have great
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potential to grow in education to analyze open-ended questions.

Given these challenges and the availability of existing literature, this
study reviews recent progress in the automatic assessment of student
textual responses. Our research is motivated to examine the current state
of the art in text-based automatic assessment systems including auto-
mated short-answer grading, essay scoring, and writing evaluation.
Moreover, this study synthesizes the current state of the literature to
describe the prospect of future automatic assessment systems in post-
secondary education. There are currently few relevant systematic re-
views on automatic assessment systems for student texts in education.
Caiza and Del Alamo (2013) conducted a relevant review of grading
systems. However, their review only focused on programming assign-
ments. A review by Efendi et al. (2022) identified emerging topic areas
in automated essay scoring. However, their review lacked the broader
educational impact such tools may have. Ramesh and Sanampudi (2022)
only reviewed and compared current Al and machine learning (ML)
techniques for automatic essay scoring with limited educational context.
A review of automated writing evaluation systems by Nunes, Cordeiro,
Limpo, and Castro (2022) included empirical educational studies with
only the learning impact of writing assignments. In particular, some
reviews focused on tutoring systems based on free-text context to pro-
vide guidance (Bai & Stede, 2022; Kochmar et al., 2022), which is a
different research topic when compared to assessing students’ short
answers to specific questions. Several systematic reviews have also
examined using LLMs in medical education (Kung et al., 2023; Sallam,
2023), but few have mentioned STEM fields. By addressing limitations in
existing review studies, this systematic review aims to investigate
up-to-date educational applications for assessing students’ text-based
responses. The systematic approach will ensure this paper captures the
recent and rapid advances in Al and NLP, and will shed light on future
post-secondary education, especially STEM education.

1.1. Theoretical framework for the review

We conceptualize automated assessment systems from an input-
process-output (IPO) perspective (Ilgen, Hollenbeck, Johnson, &
Jundt, 2005) and propose a classification framework based on a
comprehensive systematic review (see Fig. 1). The principle is to follow
a pragmatic worldview and focus on the practical consequences of the
research. Input represents the textual information input into the
assessment model, such as student answers, responses, or essays. Process

Leaming Research
Needs Motivation

Text-Based Automatic
Assessment Systems
(TBAAS)

Research Future
Outcomes Applications

Fig. 1. Theoretical framework for this systematic review (see Section 1.2 for
research questions).

Educational
Concepts

Usage
Domain
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is the text-based automated assessment system (TBAAS) for processing
and analysis. Output represents the assessment results as interpreted and
framed by the system, such as scores or feedback. In addition to these
central elements, we identify the usage domain of each system and the
influence of wider learning needs for students and instructors, the
research motivations for developing the system, and the underlying
educational concepts that inform its design. We also examine research
outcomes beyond output as the reported system impacts on original
research goals, future applications, and improvement in education. This
improved IPO framework is proposed to address the different aspects of
three research questions.

For this study, IPO guides interpretation of each study’s major
findings. The IPO framework guides the interpretation of our system-
atically reviewed results, allowing us to identify system features and
how they are influenced by the usage domains, learning needs, research
motivations, and educational concepts in each study.

1.2. Research questions

This systematic review aims to provide an overview of the current
research literature on automated assessment systems in higher educa-
tion. It will identify major system types and their design features in
terms of input, processing, and output in post-secondary education. This
review will also describe the extent to which the literature emphasizes
educational benefits and integrates them with research motivations. It
will lastly observe whether educational impacts are fully evaluated
through research outcomes, implications, and continued applications in
studies of automated assessment systems. The following research ques-
tions guide the systematic review:

e RQ1: What types of automated assessment systems can be identified
using input, output, and processing framework?

e RQ2: What are the educational focuses and research motivations of
studies with automated assessment systems?

e RQ3: What are the reported research outcomes in automated
assessment systems, and what are the next steps for educational
application?

With these research questions, we collected and synthesized infor-
mation on the design features of automated assessment systems to
support students and educators. From our findings, we also aim to
provide insight into the current support of automated assessment sys-
tems for higher-level conceptual reasoning and deeper learning through
text-based responses.

2. Methods

This systematic review uses a scientific and reproducible literature
search strategy following the updated 2020 PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) statement
(Page et al., 2021). PRISMA is a standard originating in medical research
but adopted across disciplines for conducting systematic literature re-
views. It is a checklist of 27 items for ensuring reproducibility and
transparency, preventing bias, and following rigorous methods for col-
lecting, screening, and synthesizing research studies (Page et al., 2021).
First, based on the specific topic and the according realm, our initial
search string was finalized after repeated search experiments and
confirmation, and four databases were selected for an appropriate
literature search. Second, a clear set of inclusion and exclusion criteria
was proposed to select target journal and conference papers to answer
all three research questions and exclude unrelated studies. The inclusion
and exclusion criteria were applied twice. In the first screening, each
paper’s title and abstract were screened for all retrieved articles. For
papers included in the first screening, a second round was conducted,
where each paper’s full text was screened. Finally, 93 papers that met
the inclusion and exclusion criteria were selected, and these 93 studies
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were included on automatic assessment of text-based responses for this
systematic review. A PRISMA flowchart (see Fig. 2) was generated to
summarize the whole data extraction process. Findings were then coded
and synthesized from these 93 studies to answer the research questions
and map the contribution in practice, as well as gaps and challenges.

2.1. Search strategy

Considering that this interdisciplinary question involves the fields of
education, computer science, technology, and engineering, three major
international databases were chosen: ACM Digital Library, IEEE Xplore,
and Education Source. Since conference papers often have a higher
publication impact than journals in computer science, both English-
language journals and conference papers are included in the initial
search process. The ACM Digital Library is the world’s most compre-
hensive database of full-text articles in computing and information
technology, making it ideal for the topic of this study. The IEEE Xplore
Digital Library is the most common database of research literature in
engineering and technology. Together the first two databases ensure
that both computing and engineering perspectives on automation
techniques for our topic are searchable. Education Source was selected
as the world’s largest full-text research database designed for education
students, professionals, and policymakers. Additionally, the American
Society for Engineering Education (ASEE) Annual Conference & Expo-
sition was chosen as a supplementary database because of its leading
position in the field of engineering education. While other databases
such as Web of Science and Scopus have been widely used in systematic
literature review, these databases have less literature on education or
assessment, after repeated searching, and therefore we choose not to
include them. Given the rapid advancement of Al techniques, particu-
larly after the emergence of large-scale pre-trained language models like
BERT (Bidirectional Encoder Representations from Transformers)
(Devlin, Chang, Lee, & Toutanova, 2018), researchers at Google have
proposed in 2018 that the capability of machines to comprehend and
learn from text has significantly improved. Accordingly, the search years
were limited from 2017 to 2023 to ensure we focused on the latest
techniques. For the ASEE Annual Conference & Exposition database,
each conference from 2017 to 2022 was included. The 2022 ASEE
Conference was the latest conference at the time of research. The initial
search string, including five dimensions, was finalized and listed below
in Table 1. The search was carried out on March 12, 2023.

2.2. Screening and filtering process

The same search strings were applied in each of the four databases,
and all records were kept and downloaded. Because the ASEE Annual
Conference & Exposition database provides a relevance score for each
paper, an additional criterion was applied to the ASEE database: only the
records with a relevance score greater than 0.20 were selected for the
review. The number of records from each database after searching is
shown in Table 2. We found 365 studies from ACM Digital Library, 238
from IEEE Xplore, 212 from Education Source, and 23 from ASEE
Annual Conference & Exposition.

Based on the topic of this systematic review, inclusion and exclusion
criteria were developed by considering the research topic, application
field, types of data, and relevance to the research questions of this study.
Eight specific inclusion and exclusion criteria were used for screening
and filtering the studies found from the databases, as shown in Table 3.
Computer code and handwriting code were not considered for this re-
view. Grading without the assistance of AI was not counted as an
automatic assessment. In addition, non-empirical studies without
research questions or primary data analysis were excluded.

2.3. Data extraction process

All the records/citations found from the four databases were
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ACM Digital Library |EEE Xplore Education Source ASEE Conference
2017-2023 2017-2023 2017-2023 2017-2022
365 records 238 records 212 records 23 records
838 non-lduplilcate records N 6 duplicate
Inclusion/Exclusion Criteria identified removed
applied:
440 - Excluded by Criteria 1
116 - Excluded by Criteria 2
28 - Excluded by Criteria 3 695 excluded 832 abstracts and
4 - Excluded by Criteria 4 papers titles screened
6 - Excluded by Criteria 5
1 - Excluded by Criteria 6
60 - Excluded by Criteria 7 « ACM included — 31
40 - Excluded by Criteria 8 . IEEE included — 51
137 potential incllides Education included — 48
ASEE included - 7
Inclusion/Exclusion Criteria
applied:
9 - Excluded by Criteria 2 44 excluded 137 full papers
7-Excluded by Criteria 3 [* | papers retrieved and
6 - Excluded by Criteria 4 screened
17 - Excluded by Criteria 6
5 - Excluded by Criteria 7
March 12, 2023
93 included for synthesis
Fig. 2. PRISMA flowchart of the search process and inclusion/exclusion decisions (see Section 2.2).
Table 1 Table 3
Initial search strings. Inclusion and exclusion criteria.
Topic Search terms (Boolean operator: AND) Inclusion/Exclusion Criteria Position
Application automat™ Criteria 1: No direct connection (not within the scope) yes/no/not
setting sure
Application assess* OR evaluation OR grading OR scoring Criteria 2: Does the study present a primary study of automatic yes/no/not
setting assessment of student answers? (Human grading not included) sure
Artificial Al OR “artificial intelligence” OR NLP OR “natural language Criteria 3: Is the assessment based on textual responses? (Computer  yes/no/not
intelligence processing” code/handwriting text is not included) sure
Application “text-based response” OR “text-based question” OR “textual Criteria 4: Is the data sample adopted from students/teachers? yes/no/not
setting response” OR “text response” OR “short answer” OR “open sure
ended question” OR “descriptive question” OR “constructed Criteria 5: Can the study be applied in post-secondary education? yes/no/not
response” sure
Education level “higher education” OR university OR college OR undergraduate Criteria 6: Does the main content answer at least one of the research  yes/no/not
OR “post-secondary” questions? (Non-empirical papers are excluded) sure
Criteria 7: Conference index/schedule/review articles are excluded yes/no/not
(not a research paper) sure
Criteria 8: Book/book sections are excluded yes/no/not

Table 2

Numbers of papers by database searched.
Databases n
ACM Digital Library 365
IEEE Xplore 238
Education Source 212
ASEE Annual Conference & Exposition 23

uploaded into the literature management software EndNote 20.3 to
extract the target data after the initial search. A duplicate check was
conducted for these 838 records, and 6 duplicates were removed. The
titles and abstracts of these 832 articles were then screened for the first
time based on the inclusion and exclusion criteria. We filtered out 695
studies (specific excluded reasons are clarified on the left side of Figs. 2),
and 137 studies were selected for relevance to this study (31 from ACM,
51 from IEEE, 48 from Education Source, and 7 from ASEE). Full texts of
these 137 studies were then retrieved and re-screened on their full
content based on the same inclusion and exclusion criteria. In the second
screening process, we filtered out 44 studies (specific excluded reasons
are clarified on the left side of Fig. 2). Finally, 93 studies were included
and synthesized in the systematic review. The complete PRISMA flow-
chart of the search process with inclusion/exclusion decisions is shown
in Fig. 2. The first author conducted the literature search. Three

sure

researchers met regularly to discuss the screening process and review
screening decisions to ensure inclusion and exclusion criteria were fol-
lowed. The researchers used an open coding approach to identify topics
in key sections of each paper, develop codes for these topics, and group
codes into themes.

3. Results

3.1. RQI: What types of automated assessment systems can be identified
using input, output, and processing methods?

3.1.1. Text-based automated assessment systems (TBAAS) types

A qualitative thematic analysis methodology based on the Input-
Process-Output (IPO) framework, as mentioned in Section 1.1, was
adopted to synthesize the various kinds of text-based automated
assessment systems. These applications and tools can be seen as IPO
systems. To analyze and integrate all studies, each study was parsed and
simplified into three core sections: input, process, and output. In the
PRISMA flow, input has already been restricted to student text infor-
mation. Specifically, across all studies, we found that most input of the
TBAAS were student responses to open-ended questions and can be
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categorized as short-answer, conceptual understanding, constructed
responses, and writing text. The process of an automatic assessment
system is the methodology of its text-based evaluation process. Al and
NLP-based technology were applied to understand and analyze text in-
formation during this process. The outputs of a TBAAS were found to be
classification labels, scores/grades, textual feedback, or further guid-
ance. Several of these TBAAS include more than one type of output. The
main feature of the output of TBAAS is whether the system provides
textual feedback to the users or simply generates a score or the “right
answer".

According to the IPO character of these systems, this iterative coding
process led to the following five types of text-based automated assess-
ment systems (TBAAS), as shown in Table 4: 1) Automatic Grading
System; 2) Automatic Classifier; 3) Automated Feedback System; 4)
Automated Writing Evaluation System; and 5) Multimodal Evaluation
System. 1), 2), and 3) are categorized considering the characteristics of
the outputs. The input to these systems is the students’ short answers or
conceptual questions. However, the outputs provided by the system
focus on different facets; 4) is categorized by its specialized input text
type, usually a student’s written essay; and 5) is categorized by the
systems designed for multi-input or providing multi-output. For each
TBAAS category, the explanation and related studies are summarized in
Table 4, and some of the selected highly-cited studies and best examples
of each type of TBAAS are illustrated in the following sections. Studies
are identified by their index number in Appendix B.

3.1.1.1. Automatic grading system. The automatic grading system was
the most common TBAAS found in our review. Dumal, Shanika, Pathi-
nayake, and Sandanayake (2017) proposed an e-learning system to
automate essay question grading. The system has a Web-based answer
generation module for predicting the best answers for short questions
using NLP techniques. The system provides a numerical score after
comparing keywords and semantic similarity between students’ answers
and the generated golden answers. The authors calculated the correla-
tion coefficient between the actual score given by teachers and the

Table 4
Text-based automated assessment system (TBAAS).
TBAAS type Explanation n Studies
Automatic Designed for evaluating 39  [1], [2], [3], [4], [5],

Grading System  student learning outcomes
to grade student responses;
the output is a grade/score

(without textual feedback)

[61, [11], [12], [19],
[22], [25], [26], [27],
[28], [29], [33], [34],
[35], [38], [39], [43],
[47], [501, [58], [60],
[61], [62], [63], [65],
[70], [71], [72], [75],
[78], [82], [83], [84],
[89], [91]

Automatic Classifies student/teacher 22 [81, [10], [15], [17],
Classifier textual responses into [18], [36], [40], [41],
different labels or categories [48], [51], [54], [64],
(the label is not a score/ [66], [74], [76], [77],
grade) [80], [81], [85], [87],
[92], [93]

Automatic Designed for evaluating 20 [91, [16], [24], [30],
Feedback student learning outcomes, [311, [32], [37], [42],
System focusing on providing [441, [45], [46], [52],

textual/visual feedback and [55], [56], [571, [671,
guidance [69], [73], [86], [90]

Automated Designed for automated 8 [71, [20], [23], [49],
Writing essay evaluation to assess [53], [59], [68], [88]
Evaluation linguistic proficiency and
System improve students’ quality of

writing

Multimodal Designed for multi-input (e. 4 [13], [14], [21], [79]
Evaluation g., drawing and writing
System input) or providing multi-

output (e.g., both scores and
visual feedback)
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Al-generated score as an indicator to evaluate the system’s performance.
The correlation coefficient was greater than 0.7. Erickson, Botelho,
McAteer, Varatharaj, and Heffernan (2020) focused on assessing stu-
dents’ responses/explanations for solving mathematics problems. Their
TBAAS utilized ML and deep learning techniques to predict scores from
student open responses. All models had an accuracy of at least 37%
above chance in classifying and predicting the student’s grade. Tulu,
Ozkaya, and Orhan (2021) focused on grading short answer-based
exams in a computer engineering course. They proposed an Automatic
Short Answer Grading (ASAG) method by using the Manhattan LSTM
network to calculate sentence similarity between student answers and
correct answers. In particular, the authors used the SemSpace algorithm
as a synset-based sense embedding approach to determining the sense
vectors. Their TBAAS resulted in a 23% mean absolute error and 0.15
Pearson correlation, which was far from their expectation. Balaha and
Saafan (2021) proposed an automatic exam correction framework for
essays, multiple-choice questions, and equation matching. The
best-achieved accuracy for short answer datasets in their experiments
was 77.95% with the pre-trained large language model by the USE, and
the proposed equations similarity checker algorithm (named
“HMB-MMS-EMA”) reported 100% accuracy on their proposed dataset
(named “HMB-EMD-v1"). For most ASAG systems, detecting text simi-
larity is important before predicting scores. Sahu and Bhowmick (2020)
presented a comparative study of text similarity features such as se-
mantic similarity, lexical overlap, alignment-based features, etc. and
regression models toward ASAG based on the University of North Texas
dataset.

3.1.1.2. Automatic classifier. The automatic classifier was the second
most common TBAAS. The system’s input is usually the open-ended
questions from questionnaires or tests; the output is different categori-
cal labels. This type of TBAAS can help analysts automatically summa-
rize the answers to the target themes, quickly find the common answers,
and save time processing the questionnaires. Buenano-Fernandez,
Gonzalez, Gil, and Lujan-Mora (2020) proposed a methodology to
collect valuable information from teacher self-assessment surveys based
on topic modeling and text network modeling. This system identified
twelve topics describing the substantive content of unstructured textual
survey responses. McDonald, Moskal, Goodchild, Stein, and Terry
(2020) used the text analysis software Quantext as a process to deal with
students’ free text comments on evaluations of teaching and courses,
and categorized their responses into 4 labels which indicate students’
judgment. Xing, Lee, and Shibani (2020) classified student-written sci-
entific arguments on the Albedo Effect, a challenging scientific phe-
nomenon, using a text mining technique called Latent Dirichlet
Allocation. Jescovitch et al. (2021) focused on classifying constructed
responses according to 5 learning progression levels in an undergradu-
ate STEM physiology context. They compared the performance between
analytic and holistic coding approaches before making a classification
rubric. Two specialists in physiology carefully divided the holistic rubric
definitions into smaller conceptual pieces to create the analytic coding
rubrics, which indicates better performance than a holistic rubric.
Somers, Cunningham-Nelson, and Boles (2021) used transformer-based
NLP models to evaluate student conceptual understanding. The output
of this TBAAS is their customized level of understanding with more than
90% accuracy. Furthermore, Zhu, Wu, and Zhang (2022) used a
pre-trained and fine-tuned BERT model to encode the answer text and
achieve multiple classifications. The results show the proposed
BERT-based model outperforms the baseline systems in their study
regarding scoring accuracy. Yeruva, Venna, Indukuri, and Marreddy
(2023) used a triplet loss-based Siamese network for classifying stu-
dents’ correct and incorrect answers.

3.1.1.3. Automatic feedback system. The core of automated feedback
systems is to provide textual feedback for students to revise or improve
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their responses. These responses can be conceptual understanding,
constructed responses, scientific explanations, or revision suggestions.
Krause et al. (2017) introduced a semi-automated method to help
feedback providers to improve the quality of their feedback through
self-assessment. The TBAAS extracts eight feature categories from their
natural language model, including length, specificity, complexity, rar-
ity, justification, active, subjective, and sentiment, to help with the
critique-style guide. This guided intervention was helpful compared to
the control group without guidance. Lee et al. (2019) adopted an
NLP-enabled formative feedback system called HASbot to support stu-
dent argumentation modifications in the science classroom. The HASbot
feedback system output a machine score (diagnostic) and suggestive
feedback toward student answers. Furthermore, Lee et al. (2021) studied
simulation-based scientific argumentation tasks. As a design study, they
investigated whether automated simulation feedback would be a bene-
ficial addition to the existing automated argument feedback. The au-
thors discussed important design lessons about utilizing ML to create
automated scoring models and improving simulation feedback effec-
tively in the classroom. Ruan et al. (2019) proposed a QuizBot system to
help students learn factual knowledge in science, safety, and English
vocabulary. This TBAAS consisted of a quiz mode and a casual chat
mode, and the study showed that students who used QuizBot could
recognize and remember almost 20% more accurate answers than those
who used the flashcard app. In addition, Xia and Zilles (2023) proposed
a novel approach to provide instantaneous feedback that helps the stu-
dent improve their mathematical written statements by scaffolding the
process of building a statement and restricting the number of choices
students have compared to free text writing. They evaluated this tool in
an undergraduate algorithms course and observed an improvement in
students’ mean test scores, which increased from 7.2/12 to 9.2/12 be-
tween the pre-test and the post-test.

3.1.1.4. Automated writing evaluation system. Automated writing eval-
uation systems are characterized by their unique input type, typically a
student’s written essay, dedicated to assessing and enhancing students’
English writing skills. Criterion® is the most widely recognized Auto-
mated Writing Evaluation program to assess students’ English writing,
and it is used by Educational Testing Service (ETS) to assess essays. The
automated scoring engine of its program is e-rater®, uses NLP to extract
four macro features (grammar, usage, mechanics, and style) from texts
and then uses those features to automatically calculate essay scores
(Chen, Zhang, & Bejar, 2017; McCaffrey, Casabianca, Ricker-Pedley,
Lawless, & Wendler, 2022). Chien-Yuan (2017) investigated the effec-
tiveness of an Initiation-Response-Feedback (IRF) based English
grammar learning assistant system to enhance students’ language
learning and correct grammatical errors. The research found the IRF
system significantly increased learning outcomes than the control group
in an English grammar achievement test. Yannakoudakis, Andersen,
Geranpayeh, Briscoe, and Nicholls (2018) presented the creation and
evaluation of an automated writing placement system for English lan-
guage learners, leveraging supervised machine learning to predict an
individual’s general linguistic proficiency across the full Common Eu-
ropean Framework of Reference scale by identifying highly predictive
textual features. They then further integrated their model into W&I, a
web-based program that automatically offers diagnostic feedback to
non-native English language learners at various levels of granularity. It
is openly accessible without charge to the public. In addition to English
writing, Algahtani and Alsaif (2019) focused on Arabic and proposed a
rule-based TBAAS to evaluate Arabic language essays automatically.
Their grading criteria include surface-based and text-processing stan-
dards such as spelling, punctuation, structure, coherence, and style.
According to the data gathered by their system, 73% of the essay’s
overall scores were accurate.

3.1.1.5. Multimodal evaluation system. For multi-input TBAAS, Chen
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et al. (2017) proposed an automatic evaluation system for university
computer virtual experiment reports. The question types of this TBAAS
were multiple-choice, fill-in-the-blank, and short-answer questions. For
short answer questions, the output was a score of students’ answers.
Smith et al. (2019) proposed an integrated multimodal assessment
framework for evaluating students’ understanding of physical phe-
nomena based on both students’ writing and drawing. Specifically, a
convolutional neural network-based model was adopted to assess stu-
dent writing, and a topology-based model was used to assess student
drawing. This study implies that multimodal assessment can be a useful
strategy for implementing the new generation of assessment approaches
to assess students’ responses formulated in several modalities. For
multi-output TBAAS, Becerra-Alonso, Lopez-Cobo, Gomez-Rey,
Fernandez-Navarro, and Barbera (2020) presented the development of
an educational tool EduZinc for grading and providing class and indi-
vidual student reports. This application allows for the simultaneous
management of (a) the creation of individualized learning products and
(b) automatic grading. It can also notify teachers and tutors when a
student is lagging or when a student is excelling in the course. Beasley,
Piegl, and Rosen (2021) incorporated sentiment analysis and aspect
extraction into the peer-review process to address the challenge of
accurately grading open-ended assignments in large-scale online cour-
ses. This system can output sentiment scores, visualization & associated
files with marked sentimental words from a student’s review.

3.2. RQ2: What are the educational focus and research motivations of
studies with automated assessment systems?

3.2.1. Usage domains

We identified the usage domain of each paper as the discipline that
student data were drawn from or the discipline in which the assessment
system was applied (see Fig. 3). STEM domains included engineering,
design, mathematics, science, medicine, and technology. Humanities
domains included Arabic, Chinese, English, Indonesian, and Japanese
languages, education, social studies, and business. Other domains were
multidisciplinary from incorporating student data from multiple fields
or from using non-educational data from online forums or publicly
available data for model testing. More than half of the total studies were
from STEM domains (55%). Computer science studies made up nearly
half of STEM papers (45%), with 15 science studies (29%) and 10 en-
gineering studies (20%). Humanities domains were represented by
approximately a third of studies (32%), with the English language (30%)
and Arabic language (17%) studies most common. Multidisciplinary
papers (9%) were a smaller but notable usage domain.

3.2.2. System features to support students

For the second research question, we investigated the learning needs
and research motivations for designing automated text analysis systems
in education. We determined how TBAAS addressed precise learning
needs, the contributions of each paper in furthering education research
knowledge, and how the systems were supported by learning concepts.
Using an open coding approach and focusing on each paper’s Intro-
duction and Literature Review, we identified four broad learning needs
and five specific research motivations. The findings of this research
question are summarized in Table 5.

3.2.2.1. Learning needs addressed by automated assessment systems. We
found that learning needs addressed by automated systems were most
often centered around improving assessment practices, grading
methods, and course evaluation (31%). These studies cited automatic
scoring or response systems as a potential resource for better course
assessment and grading practices. For example, Smith et al. (2019)
proposed a multimodal assessment framework for assessing learning
with science students’ writing and drawings. Improving the quality of
online or open education by interpreting text-based responses was
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Fig. 3. Usage domains of reviewed papers.

Table 5
Learning needs and research motivation for TBAAS.
System Categories n Studies
Features
Learning Improve assessment, 31 [31], [51, [8], [11], [13], [17],
Needs grading, and course [21], [26], [27], [28],
evaluation [33-35], [34], [35], [38],
[39], [41], [43], [50], [53],
[61], [68], [69], [70], [72],
[741, [76], [77], [79], [89]
Support specific content 25  [1], [6], [7], [10], [19], [30],
learning [311, [40], [45], [47], [49],
[57], [58], [59], [64], [65],
[66], [67], [75], [80], [81],
[84], [86], [87], [88]
Reduce grading time, 19 [2], [4], [12], [14], [18], [25],
error, and effort [29], [32], [36], [371, [62],
[63], [71], [78], [82], [83],
[85], [91], [92]
Support students with 19 [9], [15], [16], [20], [22],
personalization and [23], [24], [42], [46], [48],
feedback [51], [52], [54], [55], [56],
[601, [73], [90], [93]
None 1 [44]
Research Automate grading, 27 [11, [21, [3], [4], [6], [10],
Motivation review, and feedback [12], [13], [14], [211, [27],

[301, [32], [34], [38], [43],
[51], [52], [57], [61], [62],
[70], [72], [74], [78], [85],
[92]

Analyze meaning in open- 21 [51, [71, [9], [11], [18], [19],

ended text [31], [36], [44], [47], [48],
[56], [66], [69], [71], [73],
[801, [871, [89], [91], [93]
Develop a system for 17 [15], [22], [23], [37], [39],
learning [42], [45], [46], [58], [64],

[671, [79], [81], [83], [84],
[86], [88]

[16], [25], [28], [29], [33],
[35], [53], [54], [55], [59],
[63], [68], [75], [76], [77]
[81, [17], [20], [24], [26],

[40], [41], [49], [50], [60],
[65], [82], [90]

Validate a method or tool 15
with human input

Test metrics of a method 13
or tool

another learning need within this category. Balaha and Saafan (2021)
and Beasley et al. (2021) studied the need for automatic assessment in
massive open online courses. A second group of papers focused on

supporting specific content learning or analysis (27%). This topic
addressed the need for improved assessment practices in a particular
domain, such as Arabic, Chinese, English, Indonesian, and Japanese
language learning, scientific argumentation, conceptual understanding,
or design feedback. These studies connected automated assessment
systems with the challenge of assessing learning in these domains. They
explained why assessment is challenging due to scalability, complex
subject material, or a lack of research with automated tools. Reducing
the time, effort, and error for educators in grading text-based responses
was a third justification for systems (20%). These systems were designed
to take the burden of grading off teachers and increase the scalability of
grading short answer and essay questions (Aini, Julianto, & Purbohadi,
2018). For example, Galassi and Vittorini (2021) described the chal-
lenge of grading and providing detailed feedback for data science as-
signments. Studies have acknowledged instructors’ challenges using
complex analytics from learning management systems for instruction.
Preventing error and bias by reducing subjectivity was another moti-
vation for automated assessment. Hucko et al. (2018) proposed a
method for real-time analysis of student responses during interactive
lecture. A fourth group of learning needs was for improving the quality
of student learning through personalization and feedback (20%). These
studies focused on challenges such as analyzing student reflections,
facilitating meaningful interactions in large courses, and identifying
misconceptions. Studies recognized the need for guidance through
formative assessment and engagement, with automated assessment
systems as a potential solution to ensuring immediate and effective
feedback.

3.2.2.2. Research motivation for system studies. The largest number of
studies were motivated by grading, scoring, and feedback challenges in
automated assessment (29%). Various types of feedback included
responding to student explanations of concepts (Auby, Koretsky, Shi-
vagunde, & Rumshisky, 2022), formative feedback for writing assign-
ments (Hellman et al., 2019), and a formative assessment of scientific
argumentation (Mao et al., 2018). These studies often proposed an
improved approach to grading subjective, open-ended test questions.
The second most significant area of studies was the motivation to
research new methods of analyzing meaning in open-ended texts (23%).
Texts were not as structured as test questions, but included feedback and
evaluations. For example, Katz et al. (2021) were motivated to process
large amounts of open-ended course feedback. A third type of study was
motivated to develop complete learning systems with context and/or
multiple indicators (18%). These systems had a long-term educational
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goal motivating the assessment system, such as developing writing
skills, argumentation, or digital literacy. For example, Sung et al. (2021)
developed a multimodal evaluation of students’ conceptual learning
with an augmented reality application. A fourth group of studies was
often motivated to develop and validate a tool or method with human
input (16%). These studies directly referenced human-developed
grading systems and examined system performance relative to it
(Hoblos, 2020). The smallest set of studies was motivated by testing and
improving model features for reliability and agreement alone, rather
than broader educational challenges (14%).

3.2.2.3. Learning concepts informing system design. Learning concepts
were coded using an open coding approach and focusing on the Litera-
ture Review across all papers. Because some studies were coded for
multiple concepts, the total n is greater than 93, and we report the
number of codes within each theme of learning concepts. Referenced
learning themes by code frequency across all papers are shown in Fig. 4.
Feedback, discussion, and review was the theme with the most codes (28
codes). Example codes included dialogue for language learning,
providing feedback to students, internal feedback on teamwork, design
review, and peer grading. The second theme was from the educational
measurement and testing fields, including psychometric testing (18
codes). These papers focused on developing and validating automated
scoring and automated feedback systems from an educational assess-
ment background. A third learning concept theme was critical thinking,
problem-solving, scientific argumentation, and misconceptions (14
codes). This area informed systems that were meant to uncover student
thinking and reasoning patterns in learning contexts. A fourth theme of
learning concepts focused on matching instruction with student needs
by studying engagement, cognitive load, and scaffolding (9 codes).
Systems informed by these concepts were designed to directly support
students by understanding individual learning. The fifth identified
theme was on domain-specific instruction (9 codes), where systems
supported assessment of a single topic such as language learning, digital
literacy, or medicine. The last learning concept theme was on supporting
student reflection (6 codes). This theme contained codes for systems
which facilitate course evaluation and self-assessment as well as meta-
cognition. Papers without learning concept backgrounds (33 codes)
were primarily motivated by developing and testing new systems.

3.3. RQ3: What are the reported research outcomes in automated
assessment systems, and what are the next steps for educational
application?

To explore the learning outcomes for automated assessment systems,
we identified how each paper reported the key results of model per-
formance. These findings are summarized as the main strengths of the
systems in terms of what the authors achieved. Suggested future

40
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Fig. 4. Theme frequencies of learning concepts referenced in collected papers.
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directions where these findings lead are also reported, as these represent
ongoing work in education research integrating automated assessment
into learning contexts. Using an open coding approach and focusing on
the Results and Conclusions of each paper, we identified five major
system performance outcomes and four proposed future directions
across studies. Results are reported in Table 6.

3.3.1. System performance outcomes

Studies cited a variety of outcomes to report model performance. The
largest group reported quantitative benchmark metrics (52%). These
studies reported metrics such as accuracy, reliability, efficiency, root
mean squared error, agreement levels, and correlations among perfor-
mance scores as performance measures. Another type of benchmark was
whether the overall system implementation goal was achieved, such as
clustering student feedback, predicting student responses, meaningful
topic modeling, or detecting semantic similarity. These broad results
were qualified by details about effective aspects of the systems, and
studies also shared improved or mixed model performance based on
features. A second group of studies compared performance across
models or the performance of a multi-model or hybrid system (16%).
Studies reported the performance of combined systems compared to
simple models, effects of systems using multiple approaches, or de-
cisions selecting a best-performing model among multiple tests. A third
group also relied on insights successfully obtained from texts, usability
testing results, or broad recommendations and guidelines for discussing
system performance (14%). Outcomes were defined by perceptions of
test users or students, as well as the effectiveness of the system in sup-
porting this type of conversation. A fourth group of studies reported
outcomes by correlating or comparing machine scores with human
ratings from experts or instructors (14%). These studies reported
agreement between human and machine ratings, the similarity between
the two, and described hybrid human-machine system performance.
Finally, a fifth group of studies measured system performance as
learning outcomes (5%). Observable impacts on student performance,
such as improved pre-post test scores and improved recall, measured the
effectiveness of the assessment system. For example, Chien-Yuan (2017)
measured improved learning between a control groups and students
who learned English grammar with automatic feedback and dialogue.
Learning impact was also demonstrated as the sensitivity of the assess-
ment system to detect pre-post change, support in scaffolding students
on writing tasks, and positive impacts of interventions across learning
contexts.

3.3.2. Future educational and research applications

The collected studies suggested many possible future directions for
automated assessment systems. Approximately half of the studies (51%)
offered specific ideas for improving model performance and generaliz-
ability, including optimizing efficiency and accuracy, testing the system
in new contexts and formats with additional datasets, comparing to
other methods, more comprehensive application to diverse samples, and
comparing approaches to other new methods. A focus on model per-
formance alone meant these studies did not provide discussion or ap-
plications on how their system supported student learning, but rather
emphasized metrics as indicators for future work. However, several
studies (23%) intended to apply findings towards pedagogical next steps
and educational research through improved system design. These
studies planned to adopt the system into existing courses or in-
terventions, support better student-teacher interactions with the system,
and improve the quality of the learning experience overall. In this way,
the success of their system could continue to reach more audiences and
applications. Studies also recognized teachers (13%) as a focus of future
work through more detailed learning insights, easier teaching processes,
and better training and decision-making. Finally, specific student as-
pects (12%) were goals for studies to continue improving assessment
systems. Published studies that clearly mentioned students also
emphasized the need to promote motivation, engagement, long-term
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Table 6
Reported model performance and future education directions.
Outcomes Categories n Studies
System Benchmark metrics 48 [1],[2], [4], [7], [9], [12], [13], [15], [16], [19-22], [25], [26], [28], [30], [34], [36], [39-42], [44], [49], [51],
Performance [52], [54-56], [61], [62], [65], [69-711, [75], [76], [80-82], [83], [871, [89-93]
Multiple model comparison 14 [3], [6], [11], [14], [18], [27], [47], [48], [60], [63], [72], [77], [79], [85]
Reflection, insights, usability, 13 [8], [10], [17], [24], [31], [32], [37], [46], [53], [59], [64], [66], [73]
guidelines
Machine-human comparison 12 [5], [29], [33], [35], [38], [43], [50], [58], [68], [74], [78], [84], [88]
Learning impact 6 [23], [45], [57], [67], [86]
Future Directions Improve model performance and 47 [11, [2], [5-71, [11], [12], [15], [16], [18], [20], [21], [26], [28], [29], [33], [35], [38], [39], [43], [47], [50],
generalizability [511, [54], [55], [58], [60-65], [70-72], [74-79], [82], [83], [891, [90], [92], [93]
Improve pedagogy for the system 21 [3], [9], [22], [30-32], [40-42], [44], [46], [48], [52], [53], [56], [57], [67-69], [73], [80]
Support teachers 12 [8], [10], [13], [19], [24], [25], [34], [36], [59], [84], [87], [91]
Enhance student learning 11 [4]1, [14], [17], [23], [371], [45], [49], [66], [81], [86], [88]
None 2 [27], [85]

learning, scaffolding, and complex reasoning with their systems.

4. Discussion

Within the STEM disciplines, representational competence is key for
students to consider questions or inputs in one representation, such as a
graph, a sketch, or an equation, convert it to a suitable symbolic rep-
resentation for reasoning, and obtain conclusions for deciding how to
represent conclusions in a manner that is most meaningful to the
questioner (Sinatra & Pintrich, 2003). Planning and constructing ex-
planations and examples, with explicit evaluation and description of the
results in an active learning environment, can facilitate learning in a
way that goes far beyond multiple-choice questions (Prevost, Haudek,
Henry, Berry, & Urban-Lurain, 2013). However, this is a significant
challenge for automated assessment systems to support. For RQ1, “What
types of automated assessment systems can be identified using input,
output, and processing methods?*, we found that automatic grading
systems that assigned numerical grades were most common, followed by
automatic classification of student responses from labels and systems to
provide feedback. Relatively fewer systems supported complex thinking
and reasoning through feedback. While short-answer questions were a
common focus of these systems, the output did not give more profound
insight into student responses. In addition, while many studies refer-
enced learning concepts of feedback and review, few described con-
ceptual understanding or representational thinking.

For RQ2, “What are the educational focuses and research motiva-
tions of studies with automated assessment systems?“, we found that,
while slightly more than half of the research in automated assessment
has been carried out in STEM, computer science is the most represented
discipline. Studies from outside STEM were most often in languages or
with multidisciplinary data. TBAAS can support classroom instruction at
many levels of student engagement. Instructors can use TBAAS to
evaluate higher-level text-based questions, and automated assessment
applications are needed in engineering education for grading conceptual
reasoning answers to constructed response questions. For instructors to
effectively teach using automated assessment systems, they must decide
when and how to assign repetitive lower-level learning to grading sys-
tems and when to implement feedback systems for higher-level con-
ceptual learning. TBAAS can support conceptual understanding by
analyzing students’ written response’ content, providing instructors
with classifications by meaning, and promoting student reflection and
metacognition. Alternatively, systems can support problem identifica-
tion and troubleshooting with detailed knowledge of student responses,
grades, and automatic feedback. Instructors should incorporate TBAAS
into classroom practice for holistic feedback and evaluations, rather
than numerical evaluation alone. It is necessary to apply the appropriate
automated assessment system to a learning context and to investigate its
impact beyond model performance. In this way, education will be
intentional about using new applications and understanding the effec-
tiveness of tools.

For RQ3, “What are the reported research outcomes in automated
assessment systems, and what are the next steps for educational appli-
cation?”, we found that model performance metrics were emphasized
over educational applications by half of the studies, but that the
remaining studies planned improvements to the learning platforms,
teacher support, and student learning outcomes. Many ML-based ap-
proaches are already being adopted for the broad category of student
advising, such as identifying at-risk students and early warning notifi-
cations, such as Bertolini, Finch, and Nehm (2021) who provide a
comprehensive list of ML techniques for different aspects of student
advising-related activities. These can be adapted to classroom instruc-
tion, and many authors cited here are already carrying out these efforts.
The first step in this direction is automatically classifying questions and
answers. For example, the work of Alammary (2021) is a step in iden-
tifying whether the questions asked are sufficiently challenging. The
work of Goncher, Jayalath, and Boles (2016) on evaluating textual an-
swers to concept inventory questions in addition to multiple choice
questions by automated means indicates the potential to gain a much
deeper insight into how students think about concepts. This has always
been a challenge for large classes where instructors cannot grade the
written answers and have preferred multiple-choice questions alone.
Goncher et al. (2016) point out that “the dissimilarity between the
software output and the human coder output suggests that it may be
unlikely that an automated assessment of textual data will be able to
assess students’ explanations as accurately as that of a human” (p. 219).
This is an opportunity for TBAAS to work alongside instructors and
provide holistic feedback and evaluations. Automated systems do not
need to supplant or replace the human assessor; instead, it is sufficient
for the automated system to recognize the acceptable answers so that the
human grader only deals with those that the automated system is unsure
of or identifies as incorrect. This will free up more of the assessors’ time
to focus on addressing misconceptions.

5. Implications

This study contributes to knowledge on the design elements and
educational implications of Al-based assessment systems. It summarizes
the most frequently developed and researched system types with com-
parison of the input, process, and output. It also highlights the depth of
each system of graded information and analysis of text-based responses.
In addition, this study adds to the technical conversation by researching
the educational implications of systems in terms of their theoretical
foundations, the research motivations for automatic assessment systems,
and the interpretation of performance metrics and future directions in
the context of educational research.

6. Limitations

The study’s results must be viewed in the light of some limitations.
First, during the PRISMA of this systematic review, books and book
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sections were not considered because they are often summaries and
discussions of existing work rather than presentations of new results.
Excluding book chapters may have limited the scope of our findings on
automated assessment tools and methods. Second, we only searched for
studies written in English, meaning studies related to this topic but
written in other languages were not considered. This is a limitation of
excluding potentially relevant studies on language alone. Third,
although we used a comprehensive approach for the systematic review,
the standard limitations of the systematic review process apply. For
example, we choose four databases, and other databases may yield more
papers. Also, the selection bias is primarily reduced but cannot be
entirely removed from such a review process.

7. Conclusions

In this systematic review, following the PRISMA (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses) process (Page
etal., 2021; Selcuk, 2019), a scientific and reproducible literature search
strategy is adopted to find comprehensive literature on the specific topic
of automatic assessment of text-based responses in post-secondary ed-
ucation. Based on explicit inclusion and exclusion criteria, 838 jour-
nal/conference research papers related to this topic were screened, and
finally, 93 studies were included in the review. All the studies were
synthesized according to an improved IPO (input-process-output)
framework, and these educational applications are categorized into five
types of TBAAS (text-based automated assessment systems) according to
their different characteristics of the input, output, and processing
methodologies.

An Automatic Grading System, exemplified by Ye and Manoharan
(2018), is designed to evaluate student learning outcomes by scoring
their responses. The primary output of this type of TBAAS is a numerical
grade or score, without providing textual feedback. Dumal et al. (2017)
and Balaha and Saafan (2021)’s studies provided good system design
frameworks and reference value for future research on Automatic
Grading Systems. In contrast, an Automatic Classifier, such as Buena-
no-Fernandez et al. (2020) and McDonald et al. (2020), focuses on
categorizing text-based responses into different labels, which are not
numerical scores or grades. A transformer model-based classification
approach has been supported by Sayeed and Gupta’s (2022) findings,
highlighting its effectiveness in automatic assessment. An Automatic
Feedback System, like Lee et al. (2019), is more inclined towards of-
fering real-time textual and visual feedback, along with guidance to
students. As Ruan et al. (2019) notes, this type of system greatly im-
proves learner engagement and performance. Distinctly, an Automated
Writing Evaluation System, exemplified by Yannakoudakis et al.
(2018), specifically addresses assessing and improvements in of stu-
dents’ English writing skills. This type of system’s efficacy in evaluating
students’ writing proficiency on a large scale has been corroborated by
Rupp, Casabianca, Kriiger, Keller, and Koller (2019). Additionally, a
Multimodal Evaluation System is distinguished by its capability to
handle multiple inputs and provide diverse outputs, as explored by
Smith et al. (2019) and Becerra-Alonso et al. (2020), providing a
comprehensive assessment and support framework.

Educational applications are largely used in Computer Science, Sci-
ence, and English language education domains. ML-based models and
NLP-based models are widely adopted to devise TBAAS. Among them,
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Criterion® is the most mature commercial software developed by ETS to
analyze textual data and evaluate students’ English writing. While
nearly a third of studies did not reference a learning concept, the ones
which were represented most often included feedback and discussion,
reliability and validity, and problem-solving and critical thinking.
Studies reported model performance metrics more often than learning
impact and largely focused on improving model performance. However,
many studies were also interested in developing the pedagogy around
TBAAS for integration into learning contexts and were interested in
specific ways of supporting students and teachers.

Text-based tests motivate students to become deep learners more
than multiple-choice tests. Compared to using single-best-answer ques-
tions in assessment, short-answer question formats have demonstrated
higher degrees of reliability and validity, and items are perceived as
more authentic (Sam et al., 2018). TBAAS systems have the potential to
help students develop conceptual thinking through writing and feed-
back. Future work in automated text assessment for AIEd applications
will benefit from greater alignment with learning concepts and
research-based pedagogy to support integration with teaching. While
text-based assessment is more challenging for educators, the abundance
of AIEd applications in recent years allows us to look forward to a
promising future of automatic assessment of student work.
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