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ABSTRACT

The proposed system applies a completely different method for examinations and grading by
using the supervisor learning technique, namely Random type Forest algorithms. Leveraging
the power of artificial intelligence (Al), the process of evaluation is becoming automatic,
thereby increasing the efficiency and accuracy in the students’ grading? this breakthrough
technique is characterized by its hybrid supervised learning setup that exploits both labeled
and unlabeled data to come up with a model that is extremely adaptive to unseen exam-
ination data. This not only substantially reduces the necessity of human intervention but
also dramatically improves the model’s ability to perform reliable predictions based on the
prevalent patterns. This Al-driven assessment model can be further integrated into a mobile
platform to enable real-time student engagement. The integration can benefit the students as
the interactive mobile applications can enable the students to enhance their performance by
providing instant outcome, and flexibility to take assessments. The mobile applications can
contribute to skill enhancement by providing student assessment data related to quizzes, for-
mative assessments or project-based learning assessments, for the random forest (RF) model.
Interactive mobile applications can also assist faculty in tracking student performance and
analyzing their progress along with improving the accessibility of data. The system, through
a comprehensive evaluation of student responses, introduces a more customized and equi-
table grading system. That is, fundamentally, the traditional assessment methods are being
reimagined, and at the same time, they ensure that educational environments globally are
both scalable and fair.
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1  INTRODUCTION

In recent years, the landscape of education has undergone significant transfor-
mations, largely driven by the integration of technology and supervisor intelligence
in various academic processes. One of the most notable advancements is the use of
artificial intelligence (AD in the assessment and grading of student performance.
Traditional methods of evaluation, which rely heavily on manual grading and sub-
jective judgment, often lack the scalability and efficiency needed to keep up with
the growing demands of modern education. This is supervisor algorithms come
into play, offering the potential to automate and optimize the evaluation process.
Among the most effective ML algorithms for this task is the random forest (RF) algo-
rithm, which has shown promise in various applications due to its robustness and
ability to handle large datasets effectively [1]. The application of Al in assessments
not only addresses issues related to human error and bias but also introduces a
level of personalization that traditional methods cannot offer. By leveraging semi-
supervised learning (SSL), which utilizes both labeled and unlabeled data, the
system can continuously learn and improve its accuracy without requiring exten-
sive amounts of labeled data, a common challenge in educational datasets [2]. SSL
allows for the efficient use of available data, making it possible to create a system that
can adapt to new and evolving patterns of student behavior and performance [3].
In this system, the grading process is automated, significantly reducing the time
and effort required to grade assignments and exams [4]. The Al-driven model is
designed to provide consistent and unbiased evaluations, ensuring fairness in
grading while also allowing for a more holistic view of student performance over
time [5]. Moreover, the adaptability of the model allows it to be applied across var-
ious types of exams, from multiple-choice questions to more complex essay-type
assessments [6].

This advantage in the direction of the machine-graded result systems can lead to
a significant change in the way academic institutions look at student feedback and
performance analysis. Traditional grading has a tendency to focus on the evaluation
of single student performances, while the Al-assisted tools may provide the com-
plete picture of the student’s progress by looking at the relationships between the
answers provided by a student to various kinds of questions on different tests [7]. In
this way, teachers are able to more efficiently pinpoint weak points in their students,
which non-significantly, can lead to more successful corrective actions and individu-
alized teaching [8]. Moreover, the use of machine learning in assessments can assist
schools in more effective organization of their vast data through the conversion of
them into manageable datasets, especially in cases where the teacher-to-student
ratio is very high. With the boom in digital education and testing platforms within
educational institutions, the importance of having distributed and trustworthy grad-
ing systems grows even more important [9]. Teachers can free up a lot of their time
by turning the work of evaluation into automatic machines, as Al grading systems
not only do teachers’ paperwork but also considerably alleviate their other possible
burdens, such as students’ enthusiasm development and syllabus improvement [10].
Thus, the application of supervised learning algorithms such as RF will be a change
that will transform the allowed directed evaluation towards the learning stage and
strengthen the process of the evaluation.

These examination and grading systems not only are capable of to a higher
degree the process but also present the principle of a more personal and fair stu-
dent evaluation, a modern way different from the tradition system. The major

International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 19 No. 14 (2025)


https://online-journals.org/index.php/i-jim

JIM [ Vol. 19 No. 14 (2025)

Al-Powered and Mobile-Integrated Assessment Models Using Random Forest: Redefining Examinations and Grading

innovations of the proposed system are that it adopts SSL for flexibility in grading,
makes use of Random way Forest for constant and reliable assessment classifica-
tion, and employs bias reduction mechanisms for evaluation fairness. The system is
able to function by computerizing the grading as well as conforming, and of course,
it is user-friendly, easy to operate and very beneficial in an environment that is a
mix of people with different learning abilities and backgrounds. When executed
and the information will be automatically extracted, organized, and stored, the
system will yield, in practice, a significant improvement scalability, variability, and
individuality of the manual grading process which will meet the needs of different
levels of education.

2 LITERATURE SURVEY

The supervisor learning algorithms are definitely transforming the way grading
is done with ensemble techniques such as the RF. Not only can these innovations
change the traditional assessment process by making it even more fair, scalable,
and personal, but also educational systems can be most benefited from these ways
of administration. The field of education has recently identified a growing trend of
using teacher algorithms of different kinds for automating the process of classifying
and grading in academic institutions. Among the most prominent components, there
is the use of Al-powered models integrated with mobile technology that are more
efficient and unbiased when dealing with the problematic issue of determining the
future of the educational system [11].

In brief, the work presented in one paper showed that it is possible to utilize
smart learning approaches in grading virtually, indicating that educators’ workload
can be minimized without omitting the quality of assessments [21]. Unlike this, one
study sheds light on how we can make the most out of SSL, which becomes essential
when we confront challenges such as the insufficiency of labeled data in the context
of educational data, showing that it could possibly be beneficial to the performance
of grading systems by using both types of data viz., labeled, and unlabeled in a very
effective way [12]. Other researchers made attempts to uncover different uses of
ensemble methods in educational settings. Thus, a particular study suggested the
possibility of applying randomized forest algorithms first through the use of his-
torical data to predict learners’ accomplishments, and secondly, to generate educa-
tional patterns.

The researcher, through the study of student performance prediction, saw that
the application could extend support to the learning patterns and in cases where the
students would require additional help [13]. Ultimately, it was also noticed that
the use of randomized forest to grade such types of questions is another interest-
ing direction of research, where it was found that the algorithm itself had a very
high accuracy in evaluating the written answers [14]. Additionally, the examina-
tion revealed the impact of using various machine learning models in combination
with one another, of course, on the integrity and equity of the grading results, the
conclusion being that only hybrid models, through the highest level of perfor-
mance, could successfully surpass the single-method methods even in complicated
tests [15].

Artificial intelligence’s role in educational assessment is the subject of inves-
tigation in the aspect of justice and bias. A particular study analyzed different Al
rating strategies that are fair, providing evidence for the difficulty of addressing the
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issue of algorithms not being prejudiced on specific demographic groups or cer-
tain learning styles [16]. Another summary of certain research suggested a fairer
approach that can be implemented on Al grading systems. This approach engaged
the use of a new set of checks and balances that aligned with the system goals,
therefore minimizing the bias of algorithms and consequently making the system a
better one for all [17]. Another study also emphasized the potential of mobile learn-
ing platforms for students and suggests that institutions should make use of such
platforms [18, 22]. With regard to the feedback for the learners, a published article
delved into the ways through which Al-powered automated grading of student
work could give instant feedback of practical benefit to the students, allowing them
to improve their performance via self-evaluation and continuous learning. [23] A
similar piece of research proved the practicability of Al-based personalized learn-
ing systems in terms of student engagement and academic success. Automation of
evaluation and grading might be an important part of personalized learning where
the response is individual, and the students are encouraged to grow at their own
pace [19-20].

3  PROPOSED SYSTEM

The Al-powered assessment system integrated with mobile technology is
equipped with an ordered chain of processing steps to automate exams and grad-
ing systematically. The passage commenced with the collection of data, the prepa-
ration of student responses from various question formats, such as multiple-choice
and open-ended questions. Next, these responses are preprocessed i.e., normalized,
tokenized, and feature extraction is done to ensure that the data is the same and
noise is eliminated. After the purged data, the SSL. model is implemented, in which
some labeled, and some not labeled data are used at the same time to improve the
model of training. This strategy not only allows for continuous system learning and
the making of the grading criteria finer without making use of very many tagged
datasets but also ensures student satisfaction. The halo point in the classification
model, which is the RF algorithm, an algorithm recognized by the robustness of its
method and the ability to solve complex pattern organization, is introduced for the
evaluation of the learner’s work. The purpose of this model is to predict grading
patterns and thus be able to deliver very accurate and reliable predictions for the
assessment; this is in line with Figure 1. The very initial step taken in that direction
is error-correcting and bias-reduction techniques. For instance, the error detection
of algorithms and the bias correction process are two of the tools that can help in
achieving this. The processing involves checks and ensembles of learning exercises,
and reviews of work twice to reduce possible errors and ensure that the results
are impartial. The third part of the system is subsequent of automatic feedback,
which provides students with interpretations of their performance and areas for
improvement. Moreover, the system includes the performance analysis module,
which goes a long way in teachers’ ability to monitor their students’ progression
for an extended period and conceptually change their instruction depending on
their scenario.
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Fig. 1. Internal processing steps of proposed system

An intelligent system that can be driven by Al is proposed is in fact, a step-by-step
arrangement that may serve the purpose of grading and evaluation instantly. The
system is kicked off with the first phase of data collection, where student responses
from several assessment tests are captured and depicted as feature vectors. Each
response is converted into a numerical representation, the formula given in (1):

D={d,d,..d} (1)
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Using di as a specific feature of the response. The next stage, namely preprocess-
ing, is responsible for removing noise and making the data. The stage of data stan-
dardization in the next stage is the preprocessing step of the project, which includes
smoothing the data by removing noise and making the data shown in (2)

D’=D - uD/oD. (2)

Where uD is the mean of the dataset and oD is the standard deviation, hence the
uniform scale will be achieved across various inputs. The process through (3) the
system employs the SSL approach, which is a rich source of human experience that
is essential in machine learning. In this method, labeled (Ls) and unlabeled (Us) data
sets are both used to train the model in such a way that the weight changes adap-
tively (3):

Ws =|Ls||Ls| +|Us]. (3)

This equation also guarantees that one is effectively making use of the labeling
data to learn the underlying knowledge pattern of the new data. The used form of
the system is through the method of RE. This method is a set of individual decision
trees’ ensemble. The classification method involves the RF algorithm, which is an
ensemble of many decision trees. Each tree is represented by T1, T2, Tk and it votes
the final predicted grade (Gp) through a majority voting mechanism in (4):

Gp = argmax 2j = 1KI(Tj(D) = g). 4)

Where I is an indicator function to assign the grade g of the predicted votes. The
Gini impurity function that measures the ease of separating each class of (5) is used
to construct each tree:

Gini(D) =1 - Xipi% (i=1to O). (5)

Where the variable C to be count of classes, pi = Proportion of examples in
class 1 within dataset D. In order to split the dataset into subsets that are as pure
(homogeneous) as possible, one can each split to maximize information gain (6):

Gain(F, A) = Entropy(F) — £v e A|FvI[F|Entropy(Fv). (6)

Where A is the attribute set, F is the data, and Fv is a subset of F for attribute
value v. In order to improve grading fairness and overcome the bias, a weighted loss
function is merged into the system in (7):

Lb = Siwi-(yi - yA) i = 1 to N). 7)

Where wi is a weight advocating the removal of possible biases, yi is the true
grade, and yAi is predicted grade. The confidence level of the model in each of its
classifications is checked by calculating a confidence Sconf'in (8):

Sconf = 1kYj = 1kP(Tj(D) = Gp). 8)

Where is the probability of each tree’s prediction. The error correction mecha-
nism in the system is set for the evaluation of the incorrect responses via the gradi-
ent of the loss function with respect to model parameters in (9):

ALb/98 = Ti2wi(yi — yA)*@yAi/a8). (i =1 to N) ©)
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Where 6 is the model parameters subject to optimization. A similarity-based
evaluation is conducted by the cosine similarities function, providing that student
responses are compared with historical patterns in the grading process (10):

Sim(D1,D2) = (D1-D2) / (ID1]p2]). (10)

Where D1 and D2 are two response vectors. A feedback score (Fb) is derived
through the combined contribution of the similarity and model confidence in (11):

Fb = aSim(D, H) + (1 — a)Sconf. 1D

Where H is the historical data, and o is a parameter for balancing. Also, the sys-
tem operates on performance analysis for a trend check using a linear regression
model for the progress of a particular student over time in (12):

Gt=7y0+ylt+€t. (12)

Where Gt is the grade predicted at time t, YO and y1 are regression coefficients,
and et is the error term. If the grading outcomes are coherent, the standard devia-
tion metric is used in (13):

g =V(1/N)Zi(Gi-G)2.(i=1toN) (13)

Where Gi stands for the grades of individual students, and G~ stands for the
average grade. Decision thresholds of the system are updated in (14):

Tnew = Told + n-0LbaT. (14)

Where T is the decision threshold, and n is the learning rate controlling the
update step. The concept used in the work is the use of SSL for adaptable grading,
RF for robust classification, a method to eliminate the bias in the dataset for the
fairness of the system, and the generation of feedback automatically for improving
the learning outcomes. The solution presented in this paper is the incorporation of
a method based on mathematics, multiple learning algorithms as well as automatic
decision-making for this system to be scalable.

4  RESULTS AND DISCUSSION

The outcomes of the suggested Al-driven evaluation system give evidence of the
system’s efficiency in grading in an automatic way while at the same time ensuring
that the process is fair and adaptive. The uninterruptedly was defined as that one
of the machine learning methods that allows the system to utilize both unlabeled
and labeled data, which enables to increase the classification accuracy and at the
same time to eliminate the dependence on manually annotated datasets. The RF
classifier that was used definitely increased the reliability of predictions by form-
ing the ensemble of various decision trees, thus creating consistent and reliable
results for scoring. “The bias correction mechanism is responsible for reducing dis-
parities between the grading operating in different assessment situations and for
maintaining an unbiased grading process irrelevant to the obstacles.” The fact that
the confidence scoring and feedback generation modules are included results in a
vaster understanding of the evaluation process, where students get useful informa-
tion about their performance. In addition, the system’s ability to reconcile itself by
tweaking changes in the thresholds with the help of adaptive learning techniques
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empowers it to stand against different assessment patterns. The analysis of the pat-
tern of the system’s performance shows that the model not only continues to score
consistently over time, but also shows a minimal variance from the expected results.
It follows from the debate that the co-occurrence of the similarity-based assessment
along with the historical data of students can sharpen the teachers’ grading scale
thus the students’ responses are appraised in a complex context but not by them-
selves. Moreover, the error correction mechanism is very successful in the identifi-
cation and overcoming of these wrongly classified pieces of evidence that students
produce, as well as in the automation, it also hacks the process of creating new and

better automated responses at the same time.
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The variation of the assessment score (in points) is presented in Figure 2 over
the course of 30 days, with 75 clearly marked as the threshold value. The readings
give the number of 16 out of 30 days (53.3%) when the assessment score was higher
than 75, indicating a good validation process. However, in the 14 days (46.7%) when
the score was below the threshold, there were uncovered instances of poor service
without improvement. The fact that there is a significant effect when the scores are
below 75 reveals that the data may not have been stored well, and it is necessary to
continue refining the model in order to be correctly done by the artificial intelligence.
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As shown in, Figure 3 is the distribution of the confidence level (in probability)
that sets the threshold value at 0.5. Just pointing at the graph, it is seen that on the
18 (60%) days the confidence level was over the edge thus we have a predictive
model we can rely upon. However, in the 12 (40%) days during which the confi-
dence level went down and was thus below 0.5 an indication of the model being
probably not the best in grading emerged, and maybe we should do the latter. The
sinking of the level of confidence below such a threshold may implicitly note the
existence of high uncertainties in the generated results that can only be removed
through an update of the sets of weights for more trustful results.

The distribution of the different days (seconds) taken for the evaluation in a single
day was depicted in Figure 4, where the threshold was chosen as 350 seconds. The
result shows that, on the one hand, for the 19 days the evaluation time was higher
than the threshold (63.3%) and the system seemed to be less efficient in automated
grading. And, on the other hand, for the 11 days (36.7%) when the evaluation time
was lower than the threshold, the efficiency of the processing part was evident. In
the case of going above the threshold, we can say that there may be the presence
of computational cracks while making sure that the time is well balanced for the
optimization of the process is necessary in order to not only get it done fast but also
to do it right.

In the representation of the Grading Consistency (in percentage) as a bar plot in
the histogram in Figure 5, with the efficiency criterion at 50% as the lower bound
of the green area. From the examination of the data, it is clear that 22 (73.3%) of the
time the grading consistency was above 50%, thus guaranteeing the accuracy of the
assessment. In contrast, only on 8 (26.7%) days was the grading consistency below
the threshold value, resulting in unbalanced Al-based evaluations. When the level of
grading consistency falls below 50%, there is a risk of bias introduction which can,
in turn, influence that this is one of the factors likely to necessitate the reworking of
the data in order to obtain fairer student outcomes.

5 CONCLUSION

In conclusion, Al-powered evaluation model integrated with mobile technol-
ogy shows a lot of advantages in the assessment of students’ performance, with the
important parameters being investigated within 30 days. The Assessment Score did
not go below the mark on 53.3% of the days, the results meaning that the whole eval-
uation was adequate, but the 46.7% of days which were less than the threshold show
the need for checking to nullify potential grade variations. The same was around
the Confidence Level, whose value was greater than the threshold in 60% of cases,
which showed good predictions, but 40% of cases below the threshold identified
the areas in which the model’s decision-making confidence needed to be boosted.
As said about the efficiency, the Evaluation Time was more than the threshold in
63.3% of the events. This indicated that there could be possible delays in the process
of doing the evaluation, while the opposite is true for 36.7% of the cases — the goal
of the threshold is achieved, evaluations being made quickly. It is equally important
to make a useful Al grading algorithm that meets the requirement of both accuracy
and efficiency. Analogy to this, the consistency in the Grading, the one, which was
kept above the 50% of the times was 73.3% of the cases about equitability, while
26.7% of the cases under the threshold expose the potential errors that could lead
to a course of a bias in the assessment and should be revised to remove the trend.
Thus, the proposed model when integrated into a mobile platform enables real-time
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student engagement and benefit the students in enhancing their performance. Also,
the student assessment data provided by the mobile applications for the RF model
made the model more robust and is beneficial in tracking student performance and
analyzing their progress.
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