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ABSTRACT

The process of performance monitoring in e-learning platforms is one of the emerging techniques that enable educators
to assess and improve the educational outcomes of the students. This is typically accompanied by few challenges that
need to be addressed, including data privacy and security, maintaining data quality and availability, scaling performance
monitoring for large numbers of learners, handling the heterogeneity of data, ensuring interpretability and explainability,
considering contextual factors, addressing ethical considerations, and establishing robust technological infrastructure.
Many methods and techniques are considered to resolve these issues, including the implementation of strong data
privacy protection measures, applying data validation and cleaning techniques, utilizing scalable data processing and
storage frameworks, using advanced analytics methods to handle diverse data types, developing interpretable machine
learning models and model-agnostic techniques for explainability, incorporating contextual factors into performance
monitoring models, complying with the ethical guidelines and conducting regular ethical reviews, and investing in robust
technological infrastructure. In modern e-learning platforms, fuzzy rules can be applied to monitor e-learners’ activities
which will provide a flexible and adaptive approach to managing and guiding learners’ interactions and behaviors within
the platform. This paper investigates the methods and roles for optimizing learning experiences by improving the means
of student monitoring.

Keywords:Data standardization, Decision trees, Ethical considerations, Ethical guidelines, Ensemble learning, Fuzzy rules,
Hierarchical modeling

Introduction

In modern e-learning environments, performance
evaluation of student academic progress is essential
to ensure efficient learning outcomes. In this section,
we provide an overview of the monitoring methods
and techniques of students’ performance in virtual
learning systems, highlighting its impact on student
progress assessment, tackling of their challenges, and
providing them with prompt support.

Since online education has developed greatly in
recent years, the importance of robust performance
monitoring in these systems has become evident. In a
typical e-learning environment, where conventional
face-to-face interactions are limited, performance
monitoring holds great significance.1,2 Student per-
formance monitoring is one of the reasons that
empower educators to evaluate their students’ levels
of engagement, progression, and comprehension of
course materials, in addition to the identification of
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students who are encountering challenges that might
require additional support for the improvement of
learning outcomes.

Moreover, performance monitoring also enables in-
structors to continuously improve pedagogical strate-
gies and customize the curriculum to meet the
personalized needs of their students. There are nu-
merous metrics and indicators to be used for ensuring
the effectiveness of monitoring practices.3

The metrics, including completion rates, quiz or
assignment scores, participation in discussion forums,
time allocation to various learning activities, and
overall course learning progress are analyzed to en-
able educators to gain valuable insights, identify
areas to be improved, and offer feedback to improve
the overall learning experience.

Advancements in educational technology and tools
have improved the platforms which are designed to
optimize the process of performance tracking within
e-learning systems.4 A learning management sys-
tem (LMS), usually incorporates built-in analytics
dashboards, presenting visual representations of stu-
dent performance data. These dashboards are giving
the instructors the ability to systematically oversee
progress, discern prevailing trends, and compile com-
prehensive reports spanning both individual and class
levels. However, it is necessary to tackle challenges
such as data privacy and the requirement for adept
data analysis techniques.5,6

Another aspect of this study is the challenges fac-
ing performance monitoring, these include ensuring
data privacy, managing scalability, and maintaining
data integrity which may impair these systems from
running flawlessly. Advanced machine learning algo-
rithms and fuzzy logic are explored and examined for
their impact on performance monitoring.

In this study, we aim to explore the impact of per-
formance monitoring on e-learning platforms and ex-
amine how it affects student engagement and the ef-
fectiveness of various tracking tools. We will also as-
sess different methods currently used to monitor aca-
demic performance and evaluate their performance in
identifying and addressing students’ needs promptly.

Related work

In an online learning environment, it is important
to develop various approaches for monitoring learn-
ers as this has been used in educational narratives
aimed at fostering student outcomes and provides
bespoke support while discussing certain concepts
such as collaborative filtering, automatic assessment,
feedback, etc. The following section is dedicated to
the different methods typically applied to monitor
learner performance based on e-learning platforms,

providing an overview of their (a) practical applica-
tions; (b) pros and cons, as well as of course what they
entail for educational practices.

Learning analytics

Learning Analytics is the accumulation, amalgama-
tion, and processing of data generated by learners
from a wide variety of sources.7 Data mining, statis-
tics analysis, and predictive modeling take help from
these interactions by identifying patterns, evaluating
the learners against a data set or cohort level to
make informed decisions about what works better for
whom on e-learning platforms.

Automated assessment and feedback

Automated assessment and feedback are widely
used methods, that use algorithms to automatically
grade learners’ work and provide instant feedback
through computer-based quizzes and assignments.8

These methods allow instructors to quickly identify
areas that can be improved and offer specific
feedback to the learners, and hence, improve the
learning experience.

Progress tracking

Progress tracking is a common method that allows
the learners to monitor their performance using a
dashboard or a progress bar.9 Learners can see com-
pletion rates, scores, and progress in different course
modules which in turn, empowers learners to identify
knowledge gaps and take proactive steps to improve
their learning experience.

Social interactions and collaboration monitoring

These techniques are crucial in many e-learning
platforms, encouraging engagement through discus-
sion forums, group projects, or peer assessments.10

Monitoring how learners participate in these col-
laborative activities gives insights into engagement
levels, communication skills, and how well collabora-
tion works. This method helps educators understand
the effectiveness of social interactions and customize
support to enhance the collaborative learning experi-
ence. By analyzing social interactions, instructors can
assess learners’ performance in collaborative tasks
and promote effective teamwork.

Adaptive learning systems

Adaptive learning systems employ algorithms and
intelligent tutoring techniques to personalize the
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learning experience based on individual learners’
needs and preferences.11 These systems continuously
monitor learners’ performance, track their strengths
and weaknesses, and dynamically adjust the learning
content, pace, and difficulty level. Adaptive learning
systems offer personalized feedback, recommenda-
tions, and adaptive scaffolding to optimize learners’
performance and engagement.

Monitoring model

Predictive modeling is one approach that
utilizes machine learning techniques to monitor
learners’ performance as seen in Fig. 1. Training
predictive models on historical data, such as
demographic information, prior educational
background, engagement patterns, and, machine
learning algorithms can identify patterns and make
predictions about learners’ future performance.6,12

Another method involves analyzing learners’ be-
havior within e-learning platforms using machine
learning, through the analysis of data sources like
log files, clickstream data, and interaction patterns,
which excel at recognizing distinct behavioral pat-
terns. These identified patterns offer valuable insights
into learners’ engagement, preferences, and strate-
gies, facilitating the comprehensive monitoring and
assessment of their performance.13,14

In adaptive learning systems, machine learning
plays a pivotal role by dynamically tailoring the
learning experience to the unique needs of indi-
vidual learners. These systems continuously observe
learners’ performance, accumulate data on their in-
teractions, and employ machine learning models to
personalize content, adjust difficulty levels, and pro-
vide tailored feedback. Through the integration of
machine learning, adaptive learning systems effec-
tively optimize learners’ performance, engagement,
and knowledge acquisition.11,15

Machine learning algorithms

Now, in educational contexts, the development of
early warning systems is a crucial function of ma-
chine learning algorithms. They are primarily about
the identification of signs that indicate the stu-
dents will have a hard time or drop out. Indicators
include engagement data, assessment results, and stu-
dents’ progress. Algorithms can analyze considerable
amounts of data, which allows for determining pat-
terns that often hint at upcoming issues. Early detec-
tion enables educators and support staff to intervene
by engaging in a range of personalized approaches.
Depending on the student, the measures could include
extra classes, more materials, counseling, and more.

Fig. 1. Using machine learning in monitoring models.

From the e-learning perspective, where there is a
vast distribution of data, permits to application of
machine learning of perfect algorithms for control-
ling student grades. Real-time feedback and support
are enabled through continuous monitoring, enabling
students to receive assistance on time. This preventa-
tive mission not only improves outcomes for students
on a case-by-case basis but also leads to better reten-
tion rates and academic success as a whole. Machine
learning will help develop an effective adaptive and
personalized educational environment that supports
the complete intelligence quotient of a student, lead-
ing to all students truly progressing together.4,16

(Table 1 represents recent literature on Learning op-
timization through the E-learners monitoring).

E-learning platforms employ several methods
and techniques to monitor and assess learners’
progress. A combination of the following methods
and techniques improves the overall monitoring
experience and allows the educators to thoroughly
monitor the students’ progress and hence, enhance
the learning outcomes.
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Table 1. Learner’s performance monitoring methods overview.

Method Summary Pros Cons Reference

Predictive Modeling Utilizes machine learning to predict
learners’ performance based on
various input factors

- Enables early
identification of
at-risk learners

- May require large amounts
of historical data

6,12

Learning Behavior
Analysis

Analyzes learners’ behavior within
e-learning platforms to identify
engagement patterns and
preferences

- Provides insights
into learners’
engagement and
strategies

- Privacy concerns
associated with capturing
and analyzing user data

14,15

Adaptive Learning
Systems

Employs machine learning to
dynamically adapt the learning
experience based on individual
needs

- Personalizes learning
content and
feedback

- Development and
maintenance of adaptive
systems can be complex

11,13

Early Warning
Systems

Uses machine learning to identify
at-risk learners who may be
struggling or at risk of dropping
out

- Allows for timely
interventions and
support for
struggling learners

- False positives and
negatives in identifying
at-risk learners

4,16

Automated
Assessment

Utilizes algorithms to automatically
grade learners’ submissions and
provide immediate feedback

- Offers quick and
consistent
assessment

- Limited ability to assess
complex or subjective
tasks

17

Social Interactions
Monitoring

Monitors learners’ participation and
interactions in collaborative
activities within e-learning
platforms

- Provides insights
into collaboration
dynamics and
teamwork

- Difficult to capture the
quality and depth of
social interactions

10

Cognitive Load
Monitoring

Utilizes physiological and
behavioral data to assess learners’
cognitive load during learning
activities

- Provides insights
into learners’
cognitive
engagement and
workload

- Requires additional
hardware or sensors for
physiological data
collection

18,19

Sentiment Analysis Applies natural language processing
techniques to analyze learners’
sentiments and emotions
expressed in textual data

- Helps identify
learners’ emotional
states and
experiences

- Accuracy of sentiment
analysis can vary
depending on the
complexity and context of
the text

20,21

Eye Tracking Uses eye-tracking technology to
monitor learners’ gaze patterns
and visual attention during
learning activities

- Provides insights
into learners’ visual
attention and
cognitive processes

- Requires specialized
equipment and controlled
environments for
accurate eye-tracking
measurements

22,23

Gamification Incorporates game elements and
mechanics into the learning
process to enhance motivation
and engagement

- Increases learner
motivation and
engagement

- Designing effective
gamified experiences can
be challenging

24,25

Peer Assessment Involves learners evaluating and
providing feedback on each
other’s work, fostering peer
learning and assessment

- Encourages active
learning and critical
thinking

- Reliability and fairness of
peer assessment can be a
concern

26,27

Knowledge Tracing Uses machine learning algorithms to
model learners’ knowledge state
and track their learning progress

- Provides insights
into individual
learners’ knowledge
acquisition

- Requires accurate data
and models to achieve
reliable knowledge
tracing

28,29

Social Network
Analysis

Analyzes social connections and
interactions among learners to
identify influential individuals
and communities

- Helps identify social
learning dynamics
and influential
learners

- Privacy concerns related
to capturing and
analyzing social network
data

30,31

Biometric Sensing Utilizes biometric sensors (e.g.,
heart rate, skin conductance) to
monitor learners’ physiological
responses

- Provides insights
into learners’
emotional and
cognitive states

- Requires additional
hardware and expertise
for biometric data
collection

32,33
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The first approach is the enclosure of predictive
modeling, which uses machine learning models to
analyze learner performance. In this approach, ed-
ucators can detect potential challenges intervening
early, which allows them to identify the gaps and
challenges that students may face in their learning
progress up ahead. It can also be integrated into early
warning systems that identify students who may be
struggling or at risk of dropping out. Educators may
for example, by the use of historical student data,
predict how similar students may perform which may
involve several factors such as economic, physical, or
mental conditions.

The second technique is using an automated
assessment tool, which simplifies the grading process
by implementing algorithms that can evaluate the
students’ submissions easily and automatically. Since
the grading process is done instantly, the students can
immediately learn their weaknesses and strengths,
while educators can also identify the differences
among the students.

Sentiment analysis is another tool that implements
natural language processing (NLP) to interpret the
emotions and sentiments expressed through learners’
written or spoken words. For example, if the system
captures positive emotions among the students on a
certain topic, the educator may reinforce these ele-
ments to motivate their students, while if negative
emotions are detected the educator may adjust their
teaching approach.

Cognitive load monitoring is another method that
involves assessing how much mental effort and en-
gagement a learner is putting into a task. Relatively,
biometric sensing uses sensors to monitor learners’
physiological responses. Monitoring a student’s heart
rate for example, while answering a question may
indicate high cognitive load, or an educator may ob-
serve students’ eye movement for certain diagrams
or shapes, which indicates high cognitive load, and
adjust their teaching methods.

Gamification is the intervention of gaming design
elements such as leaderboard, point scoring, and
challenges into group activities. It is designed to
build up motivation and learning curve smooth for
all the students in a class. A second strategy is peer
feedback, an evaluation and guidance method by
which students critique one another’s work. The
Activity helps enable teamwork among the students
and provides them with an organized way to evaluate
each other’s performance.

Machine learning techniques are employed to
model evolving learner states in a practice that is
referred to as knowledge tracing. The analysis of
students doing work with social interaction by its ac-
tivities, participation, and consequent feedback to the
teamwork. The prior tools and approaches all attempt

to achieve better learning outcomes from the entire
thing faculty generation by tailoring the experience
of individual learners uniquely.

Challenges of performance monitoring
The tracking and monitoring of student learning

has moved from traditional to digital in e-learning
environments, dealing with a plethora of data. These
tools and methods for student performance are typ-
ically available on more generic platforms, but they
face quite a few challenges.

Data privacy is one of the main challenges, given
that these platforms collect extensive data, including
personal information and learning activities.34 Data
quality and availability is another concern in this
matter, for instance, incomplete assessment scores
or inconsistent engagement data may distort the ac-
curacy of the monitoring system’s insights. Limited
availability of historical data poses challenges in
building predictive models or conducting prolonged
analyses, impeding the system’s ability to provide
informative insights.

One of the biggest challenges that arises is main-
taining scale, especially when you are managing
multiple learners. E-learning platforms usually host
numerous users, frequently requiring the processing
and analysis of large volumes of data in real-time or
near real-time. This makes it an ideal choice for time-
sensitive feedback and interventions to help learners
where they need further assistance.12

Another relatively tricky thing difficult to deal with
is the heterogeneity in data produced by e-learning
platforms. Integrating and analyzing different data
types (textual, interaction logs, assessment scores, or
sensor) can be challenging at the technical level be-
cause of differences like this data.35

To monitor performance, it is important to know
how fast we complete each cycle (iterate), but the
system must be updated with real data, otherwise, it
becomes useless and unreliable. This then becomes
critical to strengthen learning, as lateness in the
feedback could interfere with how well monitoring
happens. For instance, the student might not have
reliable connectivity at home or enough resources
to learn off campus, which affects their ability and
performance in task.36

Performance monitoring is even more complicated
by contextual factors. Instead, learners typically
perform well or poorly depending on a range of
contextual factors - the socio-economic background
in which they are raised, where and how they attend
school, and what resources access to them. The
inclusion of these contextual factors in performance
monitoring systems and standardization for their
effects on the comparison related to clinical outcomes
are difficult.16 For instance, making sense of the data
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from multiple sources and correlating it to understand
how well a student has fared can be complex work
that may require sophisticated analytics solutions.

One of the most critical problems with performance
monitoring is interpretability and explainability. As
a result of the black-box nature of these machine-
learning algorithms, it becomes very hard to deduce
why certain recommendations are being made or pre-
dictions yielded by them. Models that are easy to
interpret are essential to facilitate effective decision-
making and intervention strategies. For example, a
predictive model may flag certain students as at-risk
of dropping out but fail to give educators any mean-
ingful insight into how their prediction was reached.

Addressing these challenges requires a multidis-
ciplinary perspective, including special competency
in education theory and practice by expert lifelong
educators alongside experts in data science, privacy
regulation, and ethical considerations. Indeed,
finding the right data to collect for monitoring
purposes whilst keeping in mind learner privacy and
autonomy is crucial.12

The quality and availability of internet infras-
tructure may be so weak that it hinders real-time
monitoring, even though such capabilities are a key
part of e-learning platforms. It is also technology in-
frastructure that goes a long way in keeping tabs on
their performance. The scalable architecture needed
for the data collection, storage, and analysis.35

All the above-mentioned issues can be more or less
addressed through ongoing research and innovation
performance monitoring methods, and technologies,
that enhance the capability of monitoring effective-
ness on the E-Learning platform.37

Fuzzy roles for performance enhancement
When considering the challenges in performance

monitoring of learners and how to address them,
several techniques and methods can be considered,
including data privacy protection through strong
encryption, anonymization, and adherence to data
protection regulations such as GDPR.34 Two addi-
tional requirements are to be considered as well,
ensuring data quality and availability which involve
implementing data validation processes, cleaning
techniques, and collaborating with e-learning plat-
forms and institutions.38

Scalability is another attribute that can be attained
by employing scalable data processing and storage
frameworks like distributed or cloud computing, not
to mention an efficient algorithm and a parallel pro-
cessing technique.12,39

Another issue is the heterogeneity of data, which
can be addressed through the use of data integration,
standardization, and leveraging advanced analytics

methods such as ensemble learning or multi-modal
fusion techniques.36

Use of interpretable machine learning models,
such as decision trees, or model-agnostic approaches,
such as LIME or SHAP,6 can be utilized to accom-
plish the goals of interpretability and explainability.
To include contextual factors, it’s necessary to use
advanced statistical methods like propensity score
matching or hierarchical modeling and add contex-
tual information to performance tracking models.16

It is critical to address the ethical considerations
in any software development through the mapping
of clear ethical guidelines, informed consent proce-
dures, and regular ethical reviews.37 When assessing
technological infrastructure encounters, it is a com-
mon approach to consider investing in a robust
infrastructure, through the exploration of cloud-
based solutions.35

Furthermore, an optimal approach for monitoring
learner performance involves the implementation of
a fuzzy rule technique. Fuzzy rules offer a flexible
and adaptable method for guiding and supervising
e-learners within the platform. By setting the defini-
tions of these fuzzy rules, educators will be able to set
guidelines and criteria for learner engagement in the
class, progress, and achievement, which in turn result
in an easier and more optimized learning experience.
The incorporation of fuzzy rules empowers e-learning
platforms to tackle challenges in monitoring
learners’ performance adaptively and augment
the reliability and effectiveness of the monitoring
process.

Following a traditional model, our proposed
fuzzy rule system improves the field of e-learning
performance monitoring, and known adaptability
as well as personalization makes it unique to other
existing ones. With traditional e-learning methods,
there is uses a fixed threshold and rigid learning
strategy; however, the fuzzy rules offer an open
architecture for educators to adjust teaching criteria
based on student needs. Due to its flexibility, it
provides a personalized learning experience for the
students alongside of being that transparent this
method also can allow developers teachers what
are using course standards ways of instruction or
how things need to be adjusted in order for them
meet those requirements. Until now, the fuzzy
rules techniques have completely changed how we
measure e-learning performances. This change has
the future possibility of betterment on e-learning
results as teachers can learn what mistakes need to
be corrected, which issues should put more attention
and devise a teaching strategy that encompasses
these needs in order to make learning experience
worthwhile.
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Results and analysis

The process of proposed implementation of fuzzy
rule methods for e-learning performance monitoring
is organized. The initial stage involves the design of
a fuzzy rule inference system in which linguistic vari-
ables such as student achievement, learner engage-
ment, progress and difficulty will be introduced along
with membership functions and a corresponding set
of rules for generating the monitoring conditions.
These e-learning platforms will then implement APIs
to apply the developed system using a simple front
end with which educators can modify fuzzy rules and
visualize an overview of learning performance.

The proposed solution was to gather a multitude
of student data, including engagement indicators and
evaluation scores. A preprocessing is applied to en-
sure that the data planned for use in a fuzzy rule
system will be compatible. We performed a similar
process as the aforementioned example: we pilot-
tested it on an exemplar subset of learners and
measured performance indicators, then compared it
with standard monitoring tools. This phase serves
to highlight the flexibility and customization advan-
tages you obtain by using fuzzy rules.

The most valuable part of this is creating a feedback
loop and implementing iterative refinements so that
educators can give insight to improve. The system
will be evaluated for scalability and efficiency by
incrementally increasing the number of learners and
checking the time it uses to process data, while also
making real-time or near-real performance viewing
available. Ethical issues (including ethical reviews
and informed consent) have to be addressed more
rigorously in the implantation phase.

The educator training sessions will also target
the interpretability and transparency features of
fuzzy rule systems. Feedback from educators on
how well they understand and whether they feel
comfortable with the interpretability of the system
will be important to inform usability refinements.
The analysis will focus on validating flexibility and
customization, measuring performance versus tradi-
tional approaches, and evaluating the overall effect
on learning results. The results will yield direct ev-
idence of the practical and transformative effects
related to applying fuzzy rule techniques to e-learning
performance monitoring.

Conclusion

Hence, many times it becomes imperative for those
guiding students to oversee how they are perform-
ing on the E-learning platforms and improve their

results accordingly. On the other hand, it has many
challenges while dealing with this task such that
they need to be watched minutely. They face the
challenges of protecting data privacy and security,
ensuring data quality/availability, transforming per-
formance monitoring to handle numerous students
per question (and still receive an interpretable re-
sult), managing a wide variety of types/viewership
comments, making sure their interpretations are ob-
vious/clear as well as taking into account contextual
factors associated with this reaction/response type -
ethical concerns among others and maintaining tech-
nological ecosystem resurgence.

From the experience, it proves to be a good way
through fuzzy rules for guiding e-learners in an E-
learning platform. With fuzzy rules, can create a
compromise between tough and soft management
for learner interactions and stuff. These rules al-
low educators to create a more customized and
tailored learning experience by setting benchmarks
around how, when, and what learners learn. More-
over, adopting these comprehensive strategies serves
not just as a solution to the constraints of performance
monitoring but also added in enhance the overall
effectiveness and efficiency involved with monitoring
learners’ performances on E-learning platforms. In
turn, this leads to improved learning outcomes, and
personalized interventions and creates richer student
engagement in a more supportive environment.

Ultimately, combined in an e-learning platform,
these techniques have the potential to cause
substantial changes leading to better learning
outcomes through personalized interventions and
a more diligent educational environment. Together,
the proposed approaches represent a progression in
how the performance of learners is observed and
assessed within digital learning spaces, hence paving
the way to an adaptive learner-centric educational
environment.
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ةنسّحملاةیبابضلادعاوقلاتاینقتللاخنمبلاطلاءادأمییقتزیزعت

4دمحأيدھمحلاص،1،3يحبصدمحادمحم،2يلعاللهدبعيلع،1نیسحلیلخدمحم

.قارعلا،دادغب،يملعلاثحبلاويلاعلامیلعتلاةرازو،يلھلاايعماجلامیلعتلاةرئاد،طیطختلامسق1
.قارعلا،دادغب،يملعلاثحبلاويلاعلامیلعتلاةرازو،ریزولادیسلابتكم2
.قارعلا،دادغب،ىطسولاةینقتلاةعماجلا،دلب/ينقتلادھعملا3
.قارعلا،دادغب،قداصلارفعجماملإاةعماج،ةینقتلاةیلكلا،بوساحلاتاینقتةسدنھمسق4

ةصلاخلا

ةدععميتأتاھنإف،كلذعمو.بلاطلاملعتجئاتنزیزعتومییقتيفنیملعملادعاستةجرحةیلمعوھينورتكللإاملعتلاتاصنميفءادلأادصر

ءادلأادصرعیسوتو،اھرفوتوتانایبلاةدوجىلعظافحلاو،تانایبلانامأوةیصوصخنامضتایدحتلاهذھلمشت.اھتجلاعمبجیتایدحت

،ةیقلاخلأاتارابتعلااةجلاعمو،ةیقایسلالماوعلايفرظنلاو،حاصفلإاوةیریسفتلانامضو،تانایبلاتتشتةجلاعمو،نیملعتملانمریبكددعل

ةیامحلةیوقتاءارجإذیفنتهذھلمشت.ةفلتخمتاینقتوقرطمادختسانكمی،تایدحتلاهذھةھجاومل.ةیوقلاةیجولونكتلاةیتحتلاةینبلاءاشنإو

لیلحتلابیلاسأمادختساو،ةعسوملاتانایبلانیزختوةجلاعمتاراطإمادختساو،تانایبلافیظنتوققحتلاتاینقتمادختساو،تانایبلاةیصوصخ

لماوعلاجمدو،ریسفتللجذومنلاىلعةدمتعمریغتاینقتوةرسفملايللآاملعتلاجذامنمادختساو،تانایبلانمةعونتمعاونأعملماعتللةمدقتملا

ةیجولونكتلاةیتحتلاةینبلايفرامثتسلااو،ةمظتنمةیقلاخأتاضارعتساءارجإوةیقلاخلأاتاداشرلإابمازتللااو،ءادلأادصرجذامنيفةیقایسلا

اًنرمًاجھنةیبابضلادعاوقلارفوت.ينورتكللإاملعتلاةصنميفنیملعتملايفمكحتللةیبابضلادعاوقلامادختسانكمی،كلذىلعةولاع.ةیوقلا

للاخنمملعتلابراجتنیسحتلراودلأاوقرطلاةساردبثحبلااذھموقی.ةصنملالخادنیملعتملاتایكولسوتلاعافتھیجوتوةرادلإاًفیكتمو

.ملعتملادصرلئاسوزیزعت

ةجذمنلا،ةیبابضلادعاوقلا،لماكتملاملعتلا،ةیقلاخلأاتاداشرلإا،ةیقلاخلأاتارابتعلاا،رارقلاراجشأ،تانایبلادیحوت:ةیحاتفملاتاملكلا
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