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Abstract

The assessment of students’ performances is one of the essential components of teaching activities,
and it poses different challenges to teachers and instructors, especially when considering the grading
of responses to open-ended questions (i.e., short-answers or essays). Open-ended tasks allow a more
in-depth assessment of students’ learning levels, but their evaluation and grading are time-consuming
and prone to subjective bias. For these reasons, automatic grading techniques have been studied for a
long time, focusing mainly on short-answers rather than long essays. Given the growing popularity of
Massive Online Open Courses and the shifting from physical to virtual classrooms environments due to
the Covid-19 pandemic, the adoption of questionnaires for evaluating learning performances has rapidly
increased. Hence, it is of particular interest to analyze the recent effort of researchers in the development
of techniques designed to grade students’ responses to open-ended questions. In our work, we consider
a systematic literature review focusing on automatic grading of open-ended written assignments. The
study encompasses 488 articles published from 1984 to 2021 and aims at understanding the research
trends and the techniques to tackle essay automatic grading. Lastly, inferences and recommendations
are given for future works in the Learning Analytics field.
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1. Introduction

Grading students’ written assignments is a crucial task for teachers at all levels of education. Yet,
it is one of the toughest and burdensome tasks, subject to several challenges. Questionnaires
can, in general, be closed-ended and open-ended. Closed-ended questions give students a set of
previously written options to answer. Therefore, they are more suitable for automatic corrections
and more likely to provide an objective evaluation. There already exists ample and consolidated
literature on methodologies and techniques that can be used to evaluate such questionnaires
to assess students’ performance and specific skills. In this context, Item response theory (IRT)
provides a valuable and theoretically well-founded framework for educational measurement [1].
In Massive Online Open Courses (MOOCs), IRT models have been used to avoid cheating on
graded tests [2, 3] to improve peer assignment in peer assessment activities [4, 5], and also to
build an adaptive learning module for a conversational agent to support learners [6]. Despite
the benefit of closed-ended questions, not all the questions can be formulated in a closed-ended
fashion. On the other hand, open-ended questions, requiring a text answer in a natural or formal
language, allow a more in-depth assessment of students’ capabilities and learning performances.
However, their evaluation is time-consuming, requires a lot of concentration, and is more
likely to be affected by graders’ subjectivity. To overcome these issues, automatic grading
methodologies for short textual answers have been studied for more than a decade. Different
techniques have been used for implementing auto assessment and building the assessor module
for intelligent tutoring systems. Many early works on automatic grading are mainly based
on the similarity between students’ answers and a reference answer. These methods perform
well for questions that have a single or a minimal number of correct answers. However, some
open-ended questions ask students to express their reasoning, precluding the construction of a
reference answer.

In the light of the above, it is of particular interest for the research community focused on
Learning Analytics [7, 8, 9, 10, 11, 12] to find out new methods and tools for supporting teachers
in the assessment of students’ learning performances through open-ended questions. Moreover,
with the Covid-19 pandemic outbreak, we have witnessed a questionnaires deluge. The shifting
of learning contexts from physical to virtual classrooms has made the evaluation of the students
more difficult: very often, during these years characterized by home confinement, teachers
have struggled to see students’ faces [13], therefore to deeply understand their engagement,
participation and lessons comprehension level [14, 15, 16]. For this reason, questionnaires as
well as online tests have proliferated as tools to evaluate step-by-step students’ performances.

Besides, in recent years, we have witnessed an ever-increasing availability of Massive Open
Online Courses (MOOCs), e.g. Coursera’, Edquenz. Through such MOOCs, students can
acquire - via self-learning - a wide variety of competences and abilities. At the end of the
lessons, they usually find questionnaires which are often closed-ended precisely due to the
challenges posed by open-ended responses previously highlighted. In this perspective, automatic
techniques for grading open-ended questionnaires can provide new potentials for intelligent
tutoring [17, 18] throughout these online courses.

'https://www.coursera.org/
*http://learn.eduopen.org/
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Goals of automatic grading of questionnaires responses There are numerous benefits
to be obtained from automatic grading in general, automatic grading of natural language
responses, and automatic grading of open-ended questionnaires responses. These are themed
around summative assessment (for providing grades), formative assessment (to give feedback),
and effectiveness. Concerning summative assessment, the demands of large class sizes and
assessment practices [19] require efficient and cost-effective solutions. In addition, humans
make mistakes when grading, and consistency is needed when the inter-rater agreement is
imperfect as result of fatigue, bias, or ordering effects [20]. Another benefit is that the idea
of automatic grading in itself may promote the formalization of assessment criteria when not
performed otherwise [21]. One must also consider the immediacy that automatic grading
systems can provide, where test-takers would otherwise need to wait for human markers to
complete the grading [22]. Concerning formative assessment, automatic grading is interesting
for broader applications such as e-learning and intelligent tutoring systems. Finally, as for
effectiveness, automatic grading is becoming very competitive with human grading for the
assessment of open-ended questionnaires responses (both short-answers [23] and essays [24]).

Previous literature There are plenty of research contributions on automatic grading tech-
niques for open-ended responses. Yet, there are very few surveys and reviews. In [25], the
authors surveyed automatic grading techniques for short-answers, analysing 80 papers pub-
lished between 1996 and 2014. They mainly focused on the advancement of methods and
approaches. The authors found that statistical methods were the most used to tackle automatic
grading, and Natural Language Processing techniques were widely adopted for extracting lexical,
morphological, semantic and syntactic features from data. Moreover, they observed that this
body of works was emerging, still there were barriers in the advancement of the research due to
the impossibility of publishing the datasets employed for privacy reasons. In [26], the authors
focused on the different software that have been adopted over the years to tackle such a problem,
limiting the search to initiatives published in 2018/2019. They found that open-ended question
grading software can be divided into two big groups. One group uses statistical approaches
dealing with false-positive answers. While they are generally lowering the workload of creating
questions, their primary disadvantage is low feedback: most such questions are incapable of
hinting feedback and answer-until-correct feedback because providing such feedback may lead
learners to false-positively graded answers, exposing the system vulnerability and lowering
its reputation among the learners. The second group includes questioning systems likely to
produce false-negative results; they generally perform better at providing hints and answer-
until-correct feedback. Their challenges are the higher workload of creating questions, the
necessity to account for every possible correct answer by a teacher, and lower error detection.
The optimal choice for creating automatized e-learning courses are template-based open-ended
question systems like those in [27, 28, 29] which allow answer-until-correct feedback and can
find and report various types of errors. Such systems require more staff time to create questions
but less staff time to manage the learning process in the courses once they are run.

With respect to previous literature, this article aims at depicting the state-of-the-art and
the evolution over the years of automatic grading techniques for open-ended questionnaires
responses. In particular, we perform a systematic mapping of the advancement in this research



field.

Highlights The primary contributions of this work are:

+ An up-to-date overview on automatic grading techniques for open-ended questionnaires’
responses;

« To encompass 488 papers published between 1984 and 2021 through the adoption of an
automatic review tool;

« Inferences and recommendations are given.

Structure of the paper This article is organized as follows: Section 2 provides basic notions
on questionnaires and techniques for analyzing natural language text; Section 3 details the
methodology adopted to carry out this survey; Section 4 is devoted to present the results obtained
and the main findings; and, lastly, Section 5 concludes with final remarks and recommendation
for researchers.

2. Background

In this section, we dwell on the different types of questionnaires (Section 2.1), and on automatic
text analysis (Section 2.2).

2.1. Questionnaires

One of the most popular forms of automated assignments is quizzes. The major advantage
of using quizzes is that answers can be graded without teacher’s intervention, so the learner
can have immediate feedback about his/her learning level at any time. However, quizzes have
significant disadvantages:

(a) the possibility of guessing the correct answers,

(b) insufficient feedback.
The two main categories of quiz questions are:

+ Closed-ended questions: a closed-ended question is a question the learner can answer
by selecting one of the options provided. They are often easier and take less time to
answer, and the answers are more straightforward to analyse: the teacher, creating
questions, can give detailed explanations for each wrong choice. Such questions are
focused primarily on checking factual knowledge, contain a limited range of possible
correct answers, and guide the learner’s thoughts. However, closed-ended questions
suffer from the disadvantage (a), i.e., the learner can answer correctly by guessing a
choice, and they may encourage systematic guessing instead of reasoning for solving the
task. Mitigation strategies for such downside exist, e.g., closed-ended questions can be
provided with customised feedback for each wrong choice, explaining to learners their
errors without the teacher interventions.



« Open-ended questions: they require a text answer in a natural or formal language that
the learner will provide. Learners cannot guess answers for such questions from their
text, forcing them to think about the answers and actually perform the tasks (e.g., maths
calculations). However, analyzing free-text answers represent a challenge: the teacher
cannot explain every possible mistake (i.e., all the aspects involved in the correctness
of a response such as contents, presentation, syntax). The usage of open-ended text
questions solves the guessing problem (disadvantage (a), above mentioned) but suffer
from the downside (), i.e., insufficient feedback. Open-ended questions with free-text
answers tend to use simple short answers. The reason is that the number of possible
correct natural-language answers rise steeply with the answer complexity. The flexibility
of natural language plays against the teacher in this case. It is often practically unfeasible
listing all semantically equivalent sentences that can be used to answer the question
correctly. Variability in shorter natural-language answers and formal-languages answers
is also a problem: if the answer contains several independent variable parts, the number
of possible correct answers the question’s author should provide raises exponentially.

2.2. Automatic text analysis

The autonomous analysis of free-text answers belongs to a research field known as Natural
Language Processing (NLP). NLP concerns the study of methodologies that make a machine
capable of analyzing natural language autonomously.

Literature shows different types of strategies to approach NLP ranging from statistical to
information formal language theory. In this regard, Artificial Intelligence has changed the
way to look at the related tasks by leveraging machine learning (ML) and deep learning (DL)
methodologies. ML/DL exploits several techniques to infer knowledge examining a massive
amount of data representative of a problem. Using such techniques allows the system to emulate
the reasoning process of human beings. Their application has led to relevant outcomes in many
different related tasks such as machine translation (i.e. converting one natural language into
another autonomously) [30], assessment of text complexity (i.e. evaluating the text complexity
of a sentence/document autonomously) [31], vocabulary enhancement (i.e. supporting students
to improve vocabulary) [32], Social Media Analysis (i.e. analysis of textual data from Social
Media) [33, 34], and autonomous essay scoring (i.e. grades to essays written in an educational
setting autonomously) [35].

The analysis of natural language through the above methodologies considers converting the
natural language to a numerical form describing the input text. Representing a text with
numbers is a non-trivial process that should be tackled based on the system’s goal. Usually,
such representation is either computed apriori (e.g., by preprocessing systems) or created by
the system that arranges the input data to optimize its performance to solve a task. ML/DL
systems exploit text representation to apply a set of methodologies that vary on the task. For
instance, grading an essay automatically through ML/DL systems needs a text representation
that considers several aspects: grammar rules, word usage, rules for spelling, punctuation,
capitalization, sentence structure variety, and the relevance of the content. After obtaining the
numerical description of such features, the system learns how to map the representation of the
essay to a small set of grades (e.g., from 1 to 6), acting as an instructor would do.



NLP is an ongoing research field that challenges researchers to develop new, more effective
methodologies to overcome issues related to both the input representation and solving tasks
methodologies. For example, the representation process might be computationally expensive or
infeasible, leading to information loss or inaccurate representations. Choosing the solving task
methodology needs to exploit a long process that tests several techniques that work accordingly
to the computed representation. Moreover, the most crucial flaw of ML/DL systems is the
difficulty to explain the way they make decisions; therefore, a user needs to be supported by
external systems to fully understand the rationale of the system behavior.

3. Method

In this section, we provide details on the employed methodology for conducting this short
survey.

Our work is loosely based on [36, 37, 38, 39]. The method adopted can be split into the
following phases:

1. Planning of the review;

2. Investigation of the research questions;

3. Description of both sources of information and strategies used to collect data;
4. Definition of the selection and exclusion criteria used to filter the studies;

5. Comparison of the selected studies and research questions.

Planning In this step, we identified the research questions, the sources of information, and
finally, the method used to select works focusing on automatic grading of open-ended ques-
tionnaires’ responses. To reduce researcher bias, one of the authors of this work developed the
protocol, while all together made discussions and comparisons about results found from the
selected articles.

Research questions The definition of the research questions is the most crucial part of any
review [38]. To define the research questions of this survey, we have identified and classified
the existing literature focusing on automatic grading techniques for open-ended questionnaires’
responses. Table 1 describes our research questions.

Identifier Research Question

RQ1 What is current trend on automatic grading techniques for open-ended questionnaires’
responses?

RQ2 What are the most used techniques for automatic grading of open-ended questionnaires’
responses?

Table 1
List of the research questions (RQ) with specific questions (SQ) addressed in this work.



The articles were searched on Scopus3, the famous abstract and citation database, using the
following query:

TITLE-ABS-KEY((automatic text based grading) OR (open ended questions automatic grading)
OR (short answers automatic grading) OR (open ended questions automatic assessment) OR (short
answers automatic assessment) OR (short answers automatic marking) OR (open ended questions
automatic marking) OR (short answers automatic scoring) OR (open ended questions automatic
scoring) OR (short answers machine learning grading) OR (natural language processing exam
grading) OR (natural language processing exam scoring) OR (natural language processing exam
marking) OR (natural language processing exam assessment) OR (nlp exam grading) OR (nlp
exam scoring) OR (nlp exam marking) OR (text answers grading) OR (text answers marking)
OR (essays automatic grading) OR (essays automatic scoring) OR (essays automatic marking)
OR (essays automatic assessment) OR (descriptive answers automatic marking) OR (descriptive
answers automatic grading ) OR (descriptive answers automatic assessment))

The final query has been built studying the partial queries results and the documents’ biblio-
graphical references. The query was run on 12 July 2021 and returned 630 documents.

Selection and exclusion criteria After obtaining the studies, we removed the impurities
from the search results. With impurities, we mean the names of conferences correlated to the
search keywords that were in the search results. The abstracts of the studies were all inspected
to include/exclude the right/not adapt studies from the review. In this phase, we filtered out
works that were not relevant keeping only the most representative. In Table 2, we specify the
selection and exclusion criteria adopted for this review.

Selection criteria
Article focused on automatic grading techniques for open-ended questionnaires’ responses
Article focused on techniques for analyzing natural language texts with applications to grading

Exclusion criteria
Article without abstract and title written in English language

Article not focused on automatic grading techniques for open-ended questionnaires’ responses

Table 2
Selection and exclusion criteria for the results found in the databases.

At the end of the selection and exclusion step the final dataset consists of 488 documents.
The dataset has been exported in the bibtex format and analyzed using Bibliometrix [40], a R
open source package, for performing comprehensive science mapping analysis. This package
provides a full set of analytical tools suited for analyzing bibliographical data originating from
several abstract databases. The package has also a Graphical User Interface companion to
perform analyses directly without coding.

Shttps://www.scopus.com/search/form.uri?display=basic#basic
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4. Findings

In this section, we show the results obtained from our systematic mapping of literature con-
cerning automatic grading techniques for open-ended questionnaires’ responses.

Table 3 includes key information about the dataset of identified papers. In particular, the
collected documents span between 1984 and 2021, and come from 325 sources (journals, books,
conferences, etc.).

Timespan 1984:2021
Sources (Journals, Books, etc) 325
Documents 488

Average citations per documents 7.697

Average citations per year per doc  1.018

References 11763

Authors 1231

Table 3
Key information about dataset of identified papers.

4.1. RQ1 - What is current trend on automatic grading techniques for
open-ended questionnaires’ responses?

Figure 1 identifies the documents published by year. We can observe that prior to 2001 the
scientific publication on the topic is negligible, but starting from that time, the production
started rising, with an impressive increasing rate in the last 5 years (2016-2021). This goes
clearly in step with the introduction and adoption of technologies and computation for learning
purposes. Indeed, it is around 2000-2005 that researchers started working on the analysis of
students performance through learning management systems [41] such as Moodle* (see, for
instance, [42, 43, 44]). The ever-increasing availability of students’ data fostered and brought
out the need of using automatic techniques for analyzing both closed-ended and open-ended
questionnaires responses. Furthermore, the spike we can note on 2020 could be partly explained
by Covid-19 pandemic outbreak which changed the way of lecturing at schools constraining
teachers to massively exploit technological web-based aids and therefore researchers to deeply
and widely studying the topic. Figure 2 depicts — through a lollipop chart — the top-20 most
relevant sources ordered by the number of paper published through them on automatic grading
of open-ended questionnaires’ responses. “Lecture Notes in Computer Science” by Springer®
has resulted to be the most relevant container for research initiatives on the topic with 46 papers
out of 488. The second place is awarded to the “ACM International Conference Proceeding
Series” with 18 articles. These two items represent outliers given they are container of several
conference proceedings. Other relevant venues are “Advances in Intelligent Systems and

*https://moodle.org
*https://www.springer.com/gp/computer-science/Incs
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Figure 1: Annual scientific production.

Computing” by Springer® with 10 papers, and “Communications in Computers and Information
Science” by Springer’ with 8 articles. Further papers have been found in a comparable amount
(1 to 6) on very wide set of sources (see Table 3). Figure 3 shows the most cited documents in
the dataset tracked by Scopus. The first outlying result — with 258 citations - is the paper by
M. Richardson et al. [45] which is focused on machine comprehension of texts, particularly
interesting for the entire Natural Language Processing research area. The second one [46],
with 148 citations, is a research properly focused on using semantic similarity techniques for
automatic short-answer grading. L.S. Larkey’s article [47] (third place with 142 citations) is one
of the oldest ones we have found. The author jointly used Linear Regression and clustering
methods to classify texts. Overall, the most cited articles tackle lexical and latent semantic
analysis (e.g., [48, 49, 50, 51]), using also Latent Dirichlet Allocation (e.g., [52]); others use
machine learning (e.g., [53, 54, 55, 56]), while R. Siddiqi et al. [57] present a short-answer
marking system exploiting structure matching, i.e., matching a prespecified structure, developed
via a purpose-built structure editor. Lastly, interestingly we have found only one comprehensive
literature review (e.g., [25]).

Figure 4 depicts the most active authors, by number of published documents, in this area. We
can observe that the number of documents for each author is not really high, conversely to what

Shttps://www.springer.com/series/11156
"https://www.springer.com/series/7899
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we could expect due to the flourishing interest on automatic analysis of students’ responses to
open-ended questionnaires. Figure 5 shows the authors’ publications over time for the top-20
authors (i.e., authors with more articles) in the dataset. The y-axis lists the authors, while the
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x-axis represents the years form 2004 to 2021. The red-colored line represents the authors’ active
period timeline. The blue-colored circles indicate the number of articles published in a specific
year (e.g., S.A. Crossley has published one article in 2016). The blue intensity is proportional to
the total citations per year of the document published in that year (e.g., the document published
in 2016 by Crossley et al. has received 12.5 citations per year).

We observe that top-20 authors’ publications are recent: 16 of them have been active on the
topic mostly in the last five years, according to the recent research framework development.
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Figure 5: Top-20 authors’ production over time.

Figure 6 depicts — trough a heatmap - the distribution on the articles by authors’ country.
The heatmap adopts colors from grey to dark blue. Grey is used for countries with no entries in
our dataset. Blues are for countries with at least one contribution in the dataset. The darker
the country color, the more articles authors coming from it have contributed to publish on the



topic. United States, China, India, Germany, United Kingdom, and Indonesia are the countries
with largest number of articles. In addition, we can observe the collaborations between authors
of two different countries ¢, ¢; by means of grey-colored links whose thickness is in direct
proportion with the number of papers written by authors coming from ¢; and ¢;. The vast
majority of collaborations occur between United States and China, China and Japan, China and

Australia.

Country Collaboration Map
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Figure 6: Selected articles for each country and collaborations among countries.

4.2. RQ2 - What are the most used techniques for automatic grading of
open-ended questionnaires’ responses?

Figure 7 shows the evolution of topics over the years. Topics are listed on the y-axis, years on
the x-axis. The blue-colored line indicates the crucial period when the topic t has been tackled
by the scientific publications. The blue circle size changes according to the number of papers
published in the specific year concerning t. As an example, the topic “semantic similarity” has
been tackled primarily from 2019, while “latent semantic analysis” has been carried since 2009.
With a further inspection of these results, and the application of a method inspired by [58],
we noticed that the early academic production was focused on methods like Latent Sematic
Analysis (applied mainly until 2017) and generically on Natural Language Processing, the last
developments see rising interest towards applications of Deep Learning to the automatic grading
of open-ended questionnaires. This is coherent with the general trend in this category of
promising techniques. The chance to have more easily access to powerful CPUs and GPUs for
computation, combined with the availability of pre-trained deep learning architectures ready to
work with minimal implementation efforts (see, e.g. [59, 60, 61] for the case of Convolutional
Neural Networks).

Figure 8a displays the primary authors’ keyword used to define their academic publications.
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Figure 7: Topics Trend over years.

The keywords in the search query have, as we would expect, great relevance; however, further
keywords of interest are still noticeable. E-learning results to be relevant as environment
of application on the automated marking; however, many keywords refers to the most used
techniques: latent semantic analysis, machine learning and deep learning.

Figure 8b shows with a Fruchterman-Reingold network layout [62] the co-occurence matrix
of authors’ keyword. The network locates four different clusters. The orange-colored cluster
incorporates the “assessment” keywords; the blue-colored cluster involves “natural language
processing” and “machine learning”; lastly, the red-colored cluster incorporates the “latent
sematic analysis” and “essays”.
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Figure 8: Keyword used by the identified papers.

5. Conclusion

Automatic grading of questionnaires has been studied for a long time for both open-ended and
closed-ended questions. Still, handling open-ended questionnaires’ responses where students’
can write essays and short-answers (not available in a list pre-defined of possibilities) represents
a challenge for academia. Thus, over the years, there have succeeded a series of ever-more
advanced techniques and approaches. In this respect, we have proposed a systematic mapping
study on automatic grading techniques for open-ended questionnaires’ responses encompassing
488 papers published between 1984 and 2021.

Overall, it emerges that the research area is not mature enough. A mature field is one that:
(a) is well-documented (i.e., codified) and broadly accessible, (b) is agreed upon by a distinct
research community, (c) is differentiated from other research areas, (d) is robust across research
paradigms, research methods/approaches, contingent factors, and application contexts, (e) has
an impact on the research community, i.e., is cited by other research areas, and (f) is put into
practice [63]. Automatic grading of open-ended questionnaires’ responses is still an emerging
and immature framework. Most scientific production occurs in the last five years, and there is
great interest in experimenting with different techniques. The evolution of this field strictly
follows the evolution of Natural Language Processing techniques — of which is strictly dependent
- and machine learning. The complexity of problems and issues in evaluating different kinds of
open text answers, spanning between short-answer on specific domains to long essays, make
the research field challenging and requires tailored methodologies that are difficult to generalize
and partially disperse the efforts of a growing but still small research community. Although
there is broad research on issues such as “explainability” and “interpretability” [64, 65, 66], it is
interesting to notice that these keywords do not appear in the research works found, or anyway
represent a negligible fraction so that they do not appear in Figure 7 or Figure 8. This holds
true for “visualization” [67, 68, 69, 70, 71], a crucial part of the learning analytics endeavor [72].
It is worth noting that approaches to automatically assign a grade to students represent high
risk applications as recently reported by EU Commission[73] and must guarantee (in different
ways) transparency and interpretability explaining the how and the why of their outcomes. Still,
these aspects appear overlooked from our analysis.



Another aspect worth mentioning regards the applications and tools developed with such a set
of techniques. We have not found keywords somehow related to techniques put in practice, i.e.
“system”, “tool”, “software”, or “framework”. Part of the effort in this research area should be
put into developing feasible solution and supports for teachers, and performing user study to
evaluate the usability of proposals in real-world with end-users.

In the next future, we aim at deepening this systematic mapping and work on the challenges
arising from the survey carried.
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